12 United States Patent

US010045082B2

(10) Patent No.: US 10,045,082 B2

Nagaraja Rao et al. 45) Date of Patent: Aug. 7,2018
(54) METHODS AND APPARATUS TO CORRECT (58) Field of Classification Search
ERRORS IN AUDIENCE MEASUREMENTS CPC ............. HO4N 21/4663; HO4N 21/252; HO4N
FOR MEDIA ACCESSED USING 21/25883; HO4N 21/25891;
OVER-THE-TOP DEVICES (Continued)
(71) Applicant: The Nielsen Company (US), LLC, (56) References Cited
New York, NY (US) U.S. PATENT DOCUMENTS
(72) Inventors: Kumar Nagaraja Rao, Fremont, CA 4621325 A 11/1986 Nafizger et al.
(US); Kamer Toker Yildiz, Campbell, 4,658,290 A 4/1987 McKenna et al.
CA (US); Jennifer Haskell, Sunnyvale, (Continued)
CA (US); Cristina Ion, Belmont, CA | |
(US); Mimi Zhang, San Francisco, CA FOREIGN PATENT DOCUMENTS
(US)
AU 2013205736 5/2013
73)  Ass . The Niel C US). 11.C CN 1898662 1/2007
T Asigne: The Nilan Compny US) LLC Contined
( *) Notice: Subject to any disclaimer, the term of this OLTHER PUBLICALIONS
patent 1s extended or adjusted under 35 United States Patent and Trademark Office, “Final Office Action,”
U.S.C. 154(b) by 0 days. 1ssued 1n connection with U.S. Appl. No. 13/963,737, dated Sep. 21,
2015 (14 pages).
(21) Appl. No.: 14/967,355 (Continued)
(22) Filed: Dec. 13, 2015 Primary Examiner — Alexander Q Huerta
74) Att Agent, or Firm — Hanley, Flight &
65) Prior Publication Data (74) dttorney, Agent, o Firm — Hanley. Flgh
US 2017/0006342 Al Jan. 5, 2017
(37) ABSTRACT
Methods and apparatus to correct errors in measuring audi-
Related U.S. Application Data ences ol over-the-top media are disclosed. In some
.. . examples, the methods and apparatus 1dentity a first set of
(60) grgxgigonal application No. 62/188,380, filed on Jul. data from a first data source, the first set of data different
" ' from a second set of data from a second data source. In some
(51) Int.CI examples, the methods and apparatus generate a third set of
1 0:¢N 2 1466 5011 01 data based on the second set of data from the second data
( 01) source. In some examples, the methods and apparatus gen-
HO4N 217442 .(2011'01) erate a model based on a difference between the first set of
(Continued) data and the third set of data. In some examples, the methods
(52) U.S. CL and apparatus apply the model to the first set of data. In some
CPC ......... HO4N 21/4663 (2013.01); GO6Q 30/00 examples, the methods and apparatus assign viewership to

(2013.01); HO4N 217252 (2013.01);

(Continued)

104 DpP
_\ i'[ CATAEBASE 7

105 —
107

122

{DATABASE
PROPRIETOR (DF}

an 1mpression associated with the first set of data by imput-

MATCHED |ID—

- 106 —\

112

110
: Y. _11193 o ﬁ"s.‘h _i

VIEVWWERSHIF
ASSIGNER

DEMOGRAFHIC
CORRECTOR

—

T

1

DEMOGRAPHIC |
PANELIST PREDICTOR
DATABASE

(Continued)
100
102 /
OVER-THE-TCP (OTT)
DEVICE '-"\]I
18 |,
—— 0
MATLCHED 1D
DEMOCGRAPHIC
COMPARATOR
AUDIENCE MEASUREMENT
ENTITY (AME)
(Wt
u Yt
e

116

|

dll&

¥

REPORT{S) 120



US 10,045,082 B2

Page 2

ing viewership associated with the second set of data to the
first set of data.
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METHODS AND APPARATUS TO CORRECT
ERRORS IN AUDIENCE MEASUREMENTS
FOR MEDIA ACCESSED USING
OVER-THE-TOP DEVICES

RELATED APPLICATION

This patent claims the benefit under 35 U.S.C. § 119(e),
of U.S. Provisional Patent Application Ser. No. 62/188,380
entitled, “METHODS AND APPARATUS TO CORRECT
ERRORS IN AUDIENCE MEASUREMENTS FOR
MEDIA ACCESSED USING OVER THE TOP DEVICES,”
which was filed on Jul. 2, 2015 and 1s hereby incorporated
by reference 1n 1ts entirety.

FIELD OF THE DISCLOSURE

This disclosure relates generally to monitoring audiences
of media and, more particularly, to methods and apparatus to
correct errors 1n audience measurements for media accessed
using over-the-top devices.

BACKGROUND

In recent years, over-the-top devices have become a
primary source for media presentation. Media delivered
through over-the-top devices 1s accessed from Internet
sources via Internet protocol (IP) communications. Over-

the-top devices may be used by any users or households
having Internet access. For example, users can use over-the-
top devices to access live programming, video on demand
services, user-generated media, and/or other types of media.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an example apparatus to correct demo-
graphic impressions, assign viewership, and predict demo-
graphics from 1nformation obtained from over-the-top
(OTT) devices and database proprietors.

FIG. 2 illustrates an example OTT registration phase to
generate an identifier for an OTT device and associate the
identifier with demographics of a user that accesses media
via the example OTT device.

FIG. 3 1llustrates an example impression collection phase
to collect demographic impressions corresponding to the
example OTT device of FIGS. 1-2.

FIG. 4 illustrates an example demographic corrector of
FIG. 1 to correct collected demographic impressions.

FI1G. 5 1llustrates an example viewership assigner of FIG.
1 to assign viewership to corrected demographic impres-
S1011S.

FIG. 6 illustrates an example demographic predictor of
FIG. 1 to predict demographics for impressions not cor-
rected by the example demographic corrector.

FIG. 7 1s a flow diagram representative ol example
machine readable instructions that may be executed to
implement the example demographic corrector of FIGS. 1
and 4.

FIG. 8 depicts another flow diagram representative of
example machine readable nstructions that may be executed
to implement the example demographic corrector of FIGS.
1 and 4.

FIGS. 9A-9C depict another tlow diagram representative
of example machine readable instructions that may be
executed to implement the example demographic corrector

of FIGS. 1 and 4.
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FIG. 10 1s a tflow diagram representative of example
machine readable instructions that may be executed to

implement the example viewership assigner of FIGS. 1 and
5.

FIG. 11 1s another flow diagram representative of example
machine readable instructions that may be executed to
implement the example viewership assigner of FIGS. 1 and
5.

FIG. 12 1s a flow diagram representative ol example
machine readable instructions that may be executed to
implement the example demographic predictor of FIGS. 1
and 6.

FIG. 13 illustrates an example processor system struc-
tured to execute the example instructions of FIGS. 7, 8,
9A-9C, 10, 11, and 12 to implement the example apparatus
of FIG. 1 to correct demographic impressions, assign view-
ership, and predict demographics from information obtained
from OTT devices and database proprietors.

DETAILED DESCRIPTION

Examples disclosed herein correct demographic impres-
s1on information for any type of media (e.g., content and/or
advertisements) broadcast through over-the-top (“OTT1”)
devices.

As used herein, over-the-top refers to the delivery of
audio, video, and/or other media over the Internet without a
multiple-system operator being involved in the control and/
or distribution of the media. For example, over-the-top
media 1s distributed from one or more third parties to an end
user through an Internet-enabled device. Example OTT
devices include, without limitation, Roku® devices, Apple
TV® devices, Samsung Smart TV® devices, Chromecast
devices, Amazon® Fire TV devices, etc. While examples
disclosed herein generally reter to OTT devices, such
examples may apply to any media delivered via satellite,
cable television, radio frequency (RF) terrestrial broadcast,
the Internet (e.g., internet protocol television (IPTV)), tele-
vision broadcasts, radio broadcasts and/or any other type of
transmission for delivering media where little, none, or
incorrect demographic impression information exists.

As used herein, an impression 1s defined to be an event 1n
which a home or individual 1s exposed to corresponding
media. Thus, an 1mpression represents a home or an indi-
vidual having been exposed to media (e.g., an advertise-
ment, content, a group of advertisements, and/or a collection
of content). In Internet media access, a quantity of 1mpres-
s10ms or 1impression count 1s the total number of times media
(e.g., content, an advertisement or advertisement campaign )
has been accessed by an Internet audience.

Media includes advertising and/or content. Example types
of media include web pages, text, images, streaming video,
streaming audio, movies, and/or any other type of content
and/or advertisements. In some examples, media includes
user-generated media that 1s, for example, uploaded to
media upload sites such as YouTube® and subsequently
downloaded and/or streamed by one or more client devices
for playback. Advertisements are typically distributed with
content (e.g., programming). Traditionally, content 1s pro-
vided at little or no cost to the audience because 1t 1s
subsidized by advertisers that pay to have their advertise-
ments distributed with the content. As used herein, “media”
refers collectively and/or individually to content and/or
advertisement(s) of any type(s).

In examples disclosed herein, an impression 1s associated
with the demographics of the person corresponding to the
impression to track a person’s exposure to media. As used
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herein, a demographic impression 1s defined to be an 1impres-
sion that 1s associated with a characteristic (e.g., a demo-
graphic characteristic: age, gender, geographic location,
race/ethnicity, income level, education level, religion, etc.)
of the person(s) exposed to the media. Mapping demograph-
ics to 1mpressions provides, 1n some examples, measure-
ments of media exposure and/or audience behavior across
numerous demographic groups (e.g., different ages, diflerent
genders, etc.). These numerous demographic groups (e.g.,
different ages) are sometimes referred to as “demographic
buckets.” For example, demographic buckets may be
defined for ages 2-12, 13-14, 15-17, 18-20, 21-24, 25-29,
30-34, 35-39, 40-44, 45-49, 50-54, 55-64, 65+ and for each
gender (e.g., male and female).

To associate demographics to an impression, the demo-
graphics of the person corresponding to the impression (or
someone with similar demographics) must be known. Some
OTT devices employ a user-registration model that may be
used to obtain user demographics. As used herein, a user-
registration model 1s a model 1 which users subscribe to
media-delivery services by creating an account and provid-
ing demographic-related information about themselves. For
example, such accounts are created with manufacturers of
the example OTT devices and/or media service providers
that enable media delivery to the example OTT devices. In
some instances, OTT device user-registration models pro-
vide only partial demographic data (e.g., age and/or email
address) for a person or for a household (“HH”) (e.g., one
person registers the example OTT device and multiple
people use the device). As such, user-registration models for
OTT devices may not produce highly accurate demographic
information about audience member that access media via
the example OTT devices.

Often OTT devices provide media (e.g., content and/or
advertising) without tracking exposures (e.g., 1mpressions)
to the media. As a result, demographics are unknown for
audiences exposed to the media. Prior techniques that collect
impressions for online media accesses 1dentily associated
demographic information by using locally-installed panelist
meter software on a personal computer and/or cookies to
associate demographic data to collected impressions.

Typically, OTT devices do not operate with cookies.
Additionally, OTT devices are not easily configurable for the
installation and running of panelist meter software. In some
examples, OTT devices have corresponding 1dentification,
such as OTT device identifiers (“IDs”), which can be used
to collect demographic impressions by associating impres-
sions with demographics known to correspond to the
example OTT device IDs (e.g., based on OT'T service user
account 1nformation. However, 1f such device IDs are
blocked, changed, or otherwise obscured (e.g., by users of
the example OTT devices), demographics would not be
associated with 1mpressions because the obscured OTT
device IDs could not properly 1dentify such demographics.
As such, current techniques arbitrarily spread impressions
from OTT devices with obscured OTT device IDs across
various demographic buckets in an attempt to associate
demographics with such impressions.

Examples disclosed herein can be used to increase the
demographic accuracy of demographic impressions corre-
sponding to OTT devices. Examples disclosed herein lever-
age panelist information and demographic information col-
lected by database proprietors to increase the accuracy of
demographic impressions associated with OTT devices. For
example, database proprietors gather detailed demographics
(e.g., age, gender, geographic location, race, mncome level,
education level, religion, etc.) of their subscribers during
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user registrations. Database proprietor, as used herein, refers
to any entity having a network-accessible database storing
and/or maintaining records or profiles i1dentifying demo-
graphics of users having accounts therewith. Such database
proprietors include, for example, social networking sites
(e.g., Facebook®, Twitter®, MySpace®, etc.), multi-service
providers (e.g., Google®, Yahoo!®, MSN®, Apple
1Tunes®, etc.), media delivery service providers (e.g., ser-
vice providers that provide media delivery services for
Roku® devices, Apple TV® devices, Google® TV devices,
Chromecast devices, Samsung Smart TV® devices, Ama-
zon® Fire TV devices, etc.), online retailer sites (e.g.,
Amazon.com, Buy.com, etc.), credit reporting services (e.g.,
Experian®), and/or any other web service(s) site that main-
tains user registration records.

In the examples of social networking sites (e.g., Face-
book®, Google+®, etc.), user demographics are plentiful
because users create detailed profiles to represent them-
selves online. In some 1nstances, people registered with a
database proprietor are also registered with OTT device
service providers. In some examples, the database proprietor
and the example OTT device service provider have the same
or substantially similar demographic data for the same
person and/or household registered with both services. In
other examples, database proprietors and OTT device ser-
vice providers have significantly different demographic data
for the same person.

In examples disclosed herein, demographics correspond-
ing to registered users of an OTT device (or other similar
device) are compared to demographics corresponding to
registered users of database proprietors to 1dentify matches.
In some examples disclosed herein, no matches occur
between OTT devices (or other similar devices) and data-
base proprietors. This may occur because there 1s little to no
demographic data (e.g., age, gender, etc.) available for a
registrant through an OTT device. For example, the example
OTT device registration process may not require the demo-
graphic inputs for age or gender to register for media
delivery services. Additionally or alternatively, there may be
little to no demographic data (e.g., age, gender, etc.) avail-
able for the registrant through a database proprietor. In some
examples, an OTT device registrant 1s not associated with
any database proprietors. In some examples, demographic
data that exists for the registrant through an OTT device
contradicts demographic data available through a database
proprietor. Such circumstances can lead to impressions with
unknown demographics when an audience measurement
entity processes impressions from OTT devices to associate
them with demographics from database proprietors. For
example, impressions collected based on media accessed
through OT'T devices are associated with no one 1n particular
or are labeled as “unknown” because they do not match any
user registered with a database proprietor. Empty demo-
graphics or non-attributions of demographics to impressions
lead to gaps 1n overall audience metrics, which decreases the
accuracy ol audience measurements.

In other examples disclosed herein, there are matches
between demographics corresponding to the example OTT
device registrants and demographics corresponding to data-
base proprietor registrants. For example, a match occurs
when a user uses the same or substantially similar basic
demographic information (e.g., age and gender) to register
across multiple services such as an OTT device service and
a database proprietor service. In other examples, more
detailed demographics (e.g., personal income, viewing hab-
its, social security number, credit card number, etc.) are
required across user registrations to confirm a match indica-
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tive of a same person registered with, for example, the
example OTT device service and the database proprietor. By
matching demographics from an OTT device with demo-
graphics from database proprietors, examples disclosed
herein combine, correct, and/or adjust demographics from
OTT device services and/or database proprietors to generate
more accurate and/or more detalled demographics and
demographic impressions.

In some 1nstances, demographics from OTT devices,
database proprietors, and/or other demographic databases
are not always accurate, even when matches are used to
combine demographics from OTT device services and data-
base proprictors. Misattribution errors (e.g., designating
impressions with incorrect demographics) can sometimes
occur for demographic impressions, such as, for example,
where the actual age of the person corresponding to the
impression 1s different that than the reported age of the
person. For example, a potential subscriber to a database
proprictor (e.g., Facebook®, Yahoo! ®, Google®, Expe-
rian®, etc.) 1s prevented from registering therewith 1f he or
she 1s below a required age (e.g., thirteen, eighteen, twenty-
one, etc.) or alternate demographic requirement. Accord-
ingly, in some examples, the potential subscriber often
provides false, but required, conforming demographic infor-
mation to register. Consequently, impressions associated
with the demographics of the example subscriber from the
example database proprietor potentially will be misattrib-
uted to an incorrect demographic group. In some examples,
misattribution errors decrease the accuracy of audience
measurements.

Additionally, while a first user having a first demographic
in a household registers an OTT device and has associated
demographic data within a database proprietor, another user
(e.g., a second user, third user, a fourth user, etc.) with a
different demographic 1n the same household may use the
same OTT device as the first user. Thus, the demographics
of the actual user will not match those of household mem-
bers who register the OTT device. In some examples, the
example OTT device has a device identification (ID) and
user profiles. However, impressions are often linked to the
device ID and not the user profiles, because the user profiles
do not require separate registration (and therefore, demo-
graphic data entry). For example, in households with mul-
tiple people, more than one person may share the example
OTT device (and thus, 1ts device ID) to access media without
providing an indication of which member of the household
1s using the device (e.g., an 8-year old male child using the
example OTT device ID registered to his 35-year old
mother). In such examples, the impression data generated
while the 8-year old male child was using the example OTT
device would be misattributed to the 35-year old mother. As
such, impressions can be misattributed to the wrong house-
hold member. Such misattributions reduce the accuracy of
audience measurement.

To improve accuracies of demographic impressions and
audience measurement i1n general, examples disclosed
herein obtain household-level matched impressions from
OTT devices and database proprietors, correct misattribu-
tion errors in matched impressions, predict the demograph-
ics ol non-matched impressions, and assign members of a
household to particular impressions.

Traditionally, audience measurement entities (also
referred to herein as “AME” and/or “ratings entities™) deter-
mine demographic reach, exposure, and other data for
advertising and media programming based on registered
panel members. That 1s, an audience measurement entity
enrolls people who consent to being monitored into a panel.
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During enrollment, the audience measurement entity
receives demographic information from the enrolling people
so that subsequent correlations are made between media
exposures to those panelists and different demographic
markets. Often, the panelist data 1s the most accurate, but
also the smallest 1n sample size. Unlike traditional tech-
niques 1n which audience measurement entities rely solely
on their own panel member data to collect demographics-
based audience measurements, example methods, apparatus,
and/or articles of manufacture disclosed herein compare
demographic imformation stored by an audience measure-
ment entity with demographic information from other enti-
ties (e.g., database proprietors) that operate based on user-
registration models.

Examples disclosed herein apply panelist data to demo-
graphics imnformation from external sources (e.g., database
proprietors, OTT devices, etc.), to extend or supplement the
coverage, accuracy, and/or completeness of an AME’s
demographics-based audience measurements. Examples dis-
closed herein provide the AME with monitoring data (e.g.,
demographic impressions) for people are not part of or who
would not otherwise have jomned an audience measurement
panel.

To 1increase the likelithood that measured viewership 1s
accurately attributed to the correct demographics, examples
disclosed herein use demographic information stored by the
audience measurement entity as well as demographic infor-
mation stored by one or more database proprietors.
Examples disclosed herein supplement demographic infor-
mation maintained by a ratings enftity (e.g., an AME such as
The Nielsen Company of Schaumburg, 111., United States of
America, that collects media exposure measurements and/or
demographics) with demographic information from one or
more diflerent database proprietors. Additionally, examples
disclosed herein supplement and/or correct demographic
information maintained by the one or more different data-
base proprictors with demographic information from the
ratings entity.

The use of demographic information from disparate data
sources (e.g., high-quality demographic information from
the panels of an audience measurement company and/or
registered user data of web service providers) provides
improved reporting eflectiveness of metrics for both online
and ofiline advertising campaigns and/or media (e.g., down-
loaded and/or streamed wvideo and/or audio media).
Examples disclosed herein use registration data from OTT
device registrants, database proprietor registrants, and AME
panelists to correct demographic impressions of OTT device
users, to predict the demographics of missing members of a
household, and to assign members of a household to par-
ticular 1impressions.

Examples disclosed herein identity AME panelists who
are also registrants of a database proprietor and an OTT
device. Examples disclosed herein analyze panelist demo-
graphic information as submitted to the AME Panel database
against panelist demographic information submitted to the
database proprietor and OT'T device service provider. In the
illustrated example, the AME panelist demographics are
used to correct the database proprietor demographics of such
AME panelists. Examples disclosed herein build a model
based on the corrections. Examples disclosed herein apply
the example model to the entirety of the database propri-
ctor’s demographic information (e.g., non-panelist demo-
graphic information) to correct deficiencies 1n the database
proprietor’s demographics.

Examples disclosed herein additionally assign viewership
to particular demographic impressions and predict demo-
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graphics missing or unknown 1n the database proprietor’s
demographics. In some examples, assigning viewership may
utilize methods and apparatus disclosed i U.S. patent
application Ser. No. 14/313,390 entitled “METHODS AND
APPARATUS TO CHARACTERIZE HOUSEHOLDS
WITH MEDIA METER DATA” filed on Jun. 24, 2014,
which 1s hereby incorporated herein by reference 1n 1its
entirety.

An example method includes identifying, via a processor,
a first set of data from a first data source, the first set of data
different from a second set of data from a second data
source, generating, via the processor, a third set of data
based on the second set of data from the second data source,
generating, via the processor, a model based on a diflerence
between the first set of data and the third set of data,
applying, via the processor, the model to the first set of data,
and assigning, via the processor, viewership to an impres-
sion associated with the first set of data by imputing view-
ership associated with the second set of data to the first set
ol data.

In some examples, the second set of data 1s data from
panelists enlisted 1n audience measurement.

In some examples, the generating of the third set of data
includes 1dentifying a demographic bucket, determining
whether the demographic bucket exists 1n a household based
on an mdependent binary model, and determining the num-
ber of members 1n the household associated with the demo-
graphic bucket based on a demographic distribution associ-
ated with the second set of data.

In some examples, the independent binary model 1s a
machine learning algorithm generated based on at least one
of a household size, age, gender, person status, income,
education, or ethnicity.

In some examples, the machine learning algorithm 1s at
least one of a classification and regression tree (“CART”),
log 1t, conditional inference tree (“ctree”), random {forest,
neural networks, or bootstrap aggregate decision trees.

In some examples, the assigning of the viewership to the
impression includes, identifying viewing history associated
with the second set of data, determining a first time associ-
ated with a first demographic viewing a media presentation
in a first household associated with the second set of data,
determining a second time associated with the first demo-
graphic and a second demographic viewing the media pre-
sentation in the household, determining a first probability
that the first demographic viewed the media presentation by
dividing the first time by the second time, identifying a first
person 1n the first household associated with the second set
of data having a second probability similar to the first
probability, and imputing a viewing history of the first
person to a second person 1n a second household associated
with the first set of data.

In some examples, the 1dentifying of the first person in the
first household associated with the second set of data having
the second probability similar to the {first probability
includes identifying a third person in the first household
associated with the second set of data, ranking the first and
third person based on a first highest probability, identifying,
a fourth person 1n the second household associated with the
first set of data, ranking the second and fourth person based

on a second highest probability, and i1dentitying the first
person has the second probability similar to the first prob-
ability when the first person has the first highest probabaility
and the second person has the second highest probability.
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In some examples, the first set of data from the first data
source has a fourth set of data missing, further including
linearly scaling the first set of data to accommodate for the
missing fourth set of data.

An example apparatus includes a demographic corrector
to 1dentily a first set of data from a first data source, the first
set of data different from a second set of data from a second
data source, generate a third set of data based on the second
set of data from the second data source, generate a model
based on a difference between the first set of data and the
third set of data, apply the model to the first set of data, and
a viewership assigner to assign viewership to an impression
associated with the first set of data by imputing viewership
associated with the second set of data to the first set of data.

In some examples, the second set of data 1s data from
panelists enlisted 1n audience measurement.

In some examples, the demographic corrector 1s to 1den-
tify a demographic bucket, determine whether the demo-
graphic bucket exists 1n a household based on an 1indepen-
dent binary model, and determine the number of members 1n
the household associated with the demographic bucket based
on a demographic distribution associated with the second set
of data.

In some examples, the independent binary model 1s a
machine learning algorithm generated based on at least one
of a household size, age, gender, person status, income,
education, or ethnicity.

In some examples, the machine learning algorithm 1s at
least one of CARIT, log it, ctree, random forest, neural
networks, or bootstrap aggregate decision trees.

In some examples, the viewership assigner 1s to 1dentily
viewing history associated with the second set of data,
determine a {first time associated with a first demographic
viewing a media presentation in a first household associated
with the second set of data, determine a second time
associated with the first demographic and a second demo-
graphic viewing the media presentation 1 the household,
determine a {first probability that the first demographic
viewed the media presentation by dividing the first time by
the second time, 1dentify a first person in the first household
associated with the second set of data having a second
probability similar to the first probability, and impute a
viewing history of the first person to a second person 1n a
second household associated with the first set of data.

In some examples, the viewership assigner 1s to 1dentily
a third person in the first household associated with the
second set of data, rank the first and third person based on
a first highest probability, identify a fourth person in the
second household associated with the first set of data, rank
the second and fourth person based on a second highest
probability, and identily the first person has the second
probability similar to the first probability when the first
person has the first highest probability and the second person
has the second highest probability.

In some examples, the first set of data from the first data
source has a fourth set of data missing from the first set of
data, further including a demographic predictor to linearly
scale the first set of data to accommodate for the missing
fourth set of data.

An example tangible computer readable storage medium
includes instructions that, when executed, cause a machine
to at least identify a first set of data from a first data source,
the first set of data different from a second set of data from
a second data source, generate a third set of data based on
the second set of data from the second data source, generate
a model based on a diflerence between the first set of data
and the third set of data, apply the model to the first set of
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data, and assign viewership to an impression associated with
the first set of data by imputing viewership associated with
the second set of data to the first set of data.

In some examples, the second set of data 1s data from
panelists enlisted in audience measurement.

In some examples, the instructions, when executed, fur-
ther cause the machine to i1dentily a demographic bucket,
determine whether the demographic bucket exists 1 a
household based on an independent binary model, and
determine the number of members 1n the household associ-
ated with the demographic bucket based on a demographic
distribution associated with the second set of data.

In some examples, the independent binary model 1s a
machine learning algorithm generated based on at least one
of a household size, age, gender, person status, income,
education, or ethnicity.

In some examples, the machine learning algorithm 1s at
least one of CART, log it, ctree, random {forest, neural
networks, or bootstrap aggregate decision trees.

In some examples, the instructions, when executed, fur-
ther cause the machine to identily viewing history associated
with the second set of data, determine a first time associated
with a first demographic viewing a media presentation 1n a
first household associated with the second set of data,
determine a second time associated with the first demo-
graphic and a second demographic viewing the media pre-
sentation 1n the household, determine a first probability that
the first demographic viewed the media presentation by
dividing the first time by the second time, identily a first
person 1n the first household associated with the second set
of data having a second probability similar to the first
probability, and impute a viewing history of the first person
to a second person 1n a second household associated with the
first set of data.

In some examples, the instructions, when executed, fur-
ther cause the machine to 1dentity a third person 1n the first
household associated with the second set of data, rank the
first and third person based on a first highest probability,
identify a fourth person 1n the second household associated
with the first set of data, rank the second and fourth person
based on a second highest probability, and i1dentity the first
person has the second probability similar to the first prob-
ability when the first person has the first highest probability
and the second person has the second highest probability.

In some examples, the first set of data from the first data
source has a fourth set of data missing from the first set of
data, further including a demographic predictor to linearly
scale the first set of data to accommodate for the missing
fourth set of data.

FI1G. 1 illustrates an example system 100 with an example
over-the-top (“OTT”) device 102, an example database
proprictor (“DP””) 104 having a DP database 105, and an
example audience measurement entity (“AME”) 106. An
example demographic comparator 107 communicates with
the example OTT device 102 (and/or an OT'T device service
provider of the example OT'T device 102) and the example
database proprictor 104 and/or DP database 105 to create
demographic impressions, as further discussed i1n conjunc-
tion with FIGS. 2 and 3.

The example demographic comparator 107 compares
demographic information from the example database pro-
prictor 104 with information identified by the example OTT
device 102 (e.g., mformation sent to a proprietor of the
example OTT device 102 during, for example, a registration
process) to 1dentify matches and create matched demograph-
ics. In some examples, the example demographic compara-
tor 107 matches person-level information (e.g., 1dentifiers,
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demographics, etc.) from the example database proprietor
104 to person-level information received from the example
OTT device 102 (e.g., during registration) based on person
identifiers (e.g., name, date of birth, address, etc.). In such
examples, the example demographic comparator 107 creates
person-level matched demographics. In examples wherein
person 1dentifiers are unavailable (e.g., due to privacy con-
cerns), the example demographic comparator 107 matches
household-level information (e.g., identifiers, demograph-
ics, etc.) from the example database proprietor 104 to
household-level information received from the example
OTT device 102 based on a household identifier. For
example, the example demographic comparator 107 associ-
ates demographic information associated with a household
identifier from the example database proprietor 104 with a
same household identifier from the example OTT device
102. In such examples, the example demographic compara-
tor 107 creates housechold-level matched demographics.
However, in some examples, the demographics from the
example database proprictor 104 1s different that the demo-
graphics from the example OTT device 102 (e.g., the
example database proprietor 104 identifies a male having an
age between 18 and 20, whereas the example OTT device
102 1dentifies a male between the age of 13 and 14), even
though the household 1s matched via the household identi-
fier. Therefore, 1n some examples, the matched demograph-
ics form the example demographic comparator 107 need to
be corrected.

To find matching data between the example database
proprietor 104 and a proprietor of the example OTT device
102 on a person-level, the example demographic comparator
107 determines whether a first data element (e.g., name,
email address, credit card number, etc.) identified during
registration of the example OT'T device 102 matches with a
second data element (e.g., name, email address, credit card
number, etc.) 1dentified 1n the example DP database 105. IT
the first data element matches the second data element, then
the example demographic comparator 107 combines (e.g.,
via data fusion techniques) all data elements received during,
registration of the example OTT device 102 and all data
clements 1dentified 1n the example DP database 105 to create
matched demographics. In some examples, the example
demographic comparator 107 generates a table (e.g., a
column with OT'T device 102 registration information and a
column with mformation from the example DP database
105).

To find matching data between the example database
proprietor 104 and a proprietor of the example OTT device
102 on a household-level, the example demographic com-
parator 107 determines whether a first data element (e.g.,
OTT device ID) 1dentified during registration of the example
OTT device 102 1s associated with a second data element
(e.g., a household ID) identified 1n the example DP database
105. If the first data element matches the second data
clement, then the example demographic comparator 107
combines (e.g., via data fusion techniques) all data elements
received during registration of the example OTT device 102
and all data elements identified in the example DP database
105 to create matched demographics. In some examples, the
example demographic comparator 107 generates a table
(e.g., a column with OTT device 102 registration informa-
tion and a column with mformation from the example DP
database 105). The example demographic comparator 107
may match demographics before or after the impression
collection phase, as described herein. The example demo-
graphic comparator 107 sends the matched demographics
(e.g., either person-level matched or household-level
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matched) to an example apparatus 108. In some examples,
the matched demographics are associated with 1mpressions
collected during the impression collection phase.

In some examples, the example demographic comparator
107 does not identily information from the example DP
database 105 that matches with information recerved during
registration of the example OTT device 102 (e.g., the
registrant of the example OTT device 102 may not be
associated with the example database proprietor 104, the
registrant of the example OTT device 102 may have pro-
vided false information when registering for at least one of
the example OTT device 102 or the example database
proprietor 104, etc.). In such examples, the example demo-
graphic comparator 107 sends this non-matched demo-
graphic data to the example apparatus 108. In some
examples, the non-matched demographic data are associated
with impressions collected during the impression collection
phase.

The example AME 106 operates the example apparatus
108 to correct any differences 1n demographics associated
with impressions. The example apparatus 108 also assigns
viewership for the impressions and predicts demographics
from information obtained from over-the-top devices and
database proprietors where such demographics are not pro-
vided (e.g., unknown). The example apparatus 108 includes
an example demographic corrector 110, an example view-
ership assigner 112, an example demographic predictor 114,
an example panelist database 116, and an example aggre-
gator 118. In the 1llustrated example, the example apparatus
108 generates reports 120 based on the example demo-
graphic corrector 110, the example viewership assigner 112,
and the example demographic predictor 114. The example
OTT device 102, an example database proprietor 104, the
example AME 106, the example apparatus 108, the example
demographic corrector 110, the example viewership assigner
112, and the example demographic predictor 114 are all
connected to an example network 122 in the illustrated
example.

The example demographic corrector 110 receives
matched demographics from the example demographic
comparator 107. Depending on whether the demographic
data 1s matched at a household-level or a person-level, the
example demographic corrector 110 corrects misattributed
demographics in the received demographic data. When the
demographic data 1s matched at a household-level, the
example demographic corrector 110 first predicts the actual
demographics (e.g., demographic buckets) that exist within
a household (e.g., 1s there at least one person 1n the house-
hold that 1s a male between ages 18 and 20). Then, the
example demographic corrector 110 predicts the number of
people having the predicted demographics within the house-
hold (e.g., how many people are in the household that are
male between ages 18 and 20) based on conditional prob-
abilities from panelist data. For example, a conditional
probability 1s a probability of a person or persons in a
household being a particular demographic (e.g., age, gender,
etc.) based on a probability that there 1s at least one person
in the household being that particular demographic (e.g.,
probability there are two females over the age of 65 given
that there 1s at least one female over the age of 65). The
example demographic corrector 110 corrects the received
matched demographic data based the predicted demograph-
ics. In some examples, any diflerences i the received
matched demographic data are adjusted to match the pre-
dicted demographics. This 1s considered a household-level
correction.
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For a person-level correction based on a household-level
match, the example demographic corrector 110 matches
household members to panelist household members based
on age and gender and corrects the recetved demographic
data based on the diflerences between the household mem-
bers and panelists. Also, when the demographic data 1s
matched at a person-level, the example demographic cor-
rector 110 determines missing and extra household mem-
bers. In some examples, the example demographic corrector
110 corrects demographic information on a quarterly basis
(e.g., every three months). Of course, the example demo-
graphic corrector 110 may correct demographic information
at different frequencies (e.g., daily, weekly, monthly, etc.).

The example viewership assigner 112 obtains household
impressions and corrected demographics from the example
demographic corrector 110 and/or the example network 122.
In the illustrated example, the example viewership assigner
112 obtains donor household viewing history (e.g., panelist
viewing history) including probabilities of particular panel-
1st viewers based on demographics. The example viewership
assigner 112 identifies probabilities that users having the
demographics corrected by the example demographic cor-
rector 110 viewed a media presentation associated with the
household impression. In some examples, the example view-
ership assigner 112 merges the panelist probabilities with the
household 1mpression data to obtain probabilities for each
user in the household. The example viewership assigner 112
ranks the probabilities of the users and the probabilities of
the panelist viewers to determine donor viewing events. A
viewing event may be consecutive viewing minutes (e.g.,
1-421 minutes) of the same program by the same people 1n
a household. In some examples, the example viewership
assigner 112 merges impression data with a table of possible
donor viewing events, which provides a list of all possible
donors for each OT'T viewing event. Thereafter, the example
viewership assigner 112 identifies a donor viewing event
based on panelist donors having similar probabilities to the
users. IT there 1s only one possible match, the example
viewership assigner 112 i1dentifies that viewing event as the
donor. It there 1s more than one possible match, the example
viewership assigner 112 uses the difference in probabilities
to determine the match. If there 1s more than one viewing
event with the same minimum difference i1n probabilities,
then the example viewership assigner 112 randomly selects
a viewing event. Alternatively, the most recent viewing
event or a viewing event associated with panelists having
demographic compositions similar to the users may be
chosen. Finally, the example wviewership assigner 112
assigns viewership by ranking users within the household
and i1mputes the viewing histories (e.g., viewed or not
viewed) of panelist donors having a similar rank. In some
examples, all users in a household are assigned viewership,
and the example wviewership assigner 112 determines
whether the media presented associated with the impression
contlicts with a user to disqualily that user from viewership
(c.g., the user normally doesn’t watch the media, the user
doesn’t watch any media during the time the media was
presented, etc.).

The example demographic predictor 114 predicts demo-
graphic data to account for the non-matched demographic
data received from the example demographic comparator
107. In some examples, the demographic predictor 114
linearly scales the corrected demographics from the example
demographic corrector 110. In some examples, the example
demographic predictor 114 linearly scales demographic data
matched by the example demographic comparator 107 and
sends the scaled demographics to the example demographic
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corrector 110. Additionally or alternatively, the example
demographic predictor 114 applies a differential scaling
factor (e.g., a scaling factor that 1s different across numerous
demographic buckets).

In operation, the example demographic comparator 107
matches demographic information from the example data-
base proprictor 104 with information received from the
example OTT device 102 (e.g., during registration). In some
examples, such information 1s stored by a proprietor of the
example OTT device 102 in association with the example
OTT device ID or other identifier. The example demo-
graphic comparator 107 creates a matched ID to associate
the matched demographics with impressions of media pre-
sented through the example OTT device 102. The example
demographic corrector 110 obtains matched demographics
and/or 1mpressions {from the example demographic com-
parator 107. To increase the accuracy of the matched demo-
graphics, the example demographic corrector 110 leverages
the example panelist database 116. The example demo-
graphic corrector 110 utilizes panelist information to correct
misattributions in the matched demographics. The corrected
demographics and the respective impressions are sent to the
example viewership assigner 112. The example viewership
assigner 112 associates particular household members with
the impression (e.g., whether a particular household member
viewed a particular media presentation). The example demo-
graphic predictor 114 scales or otherwise predicts non-
matched demographic data from the example demographic
comparator 107.

After the demographics have been corrected by the
example demographic corrector 110, the viewership has
been assigned by the example viewership assigner 112, and
the unknown demographics are predicted by the example
demographic predictor 114, the results are aggregated
together by the example aggregator 118. Subsequently, the
example apparatus 108 generates and/or exports a plurality
of reports 120 with the assigned viewership and corrected/
predicted demographics, to report demographic 1mpressions
with relatively higher accuracies from OTT devices.

FIG. 2 1llustrates an example OTT registration phase 200
to generate an identifier for the example OTT device 102 and
associate the identifier with demographics of a user that
accesses media via the example OTT device 102. As shown
in FIG. 2, the example OTT device 102 sends an example
OTT device ID 202 (e.g., A357) along with a first set of data,
such as, for example, user data 204, to both the example
demographic comparator 107 and the example database
proprictor 104. Examples of the example OTT device 1D
202 include, without limitation, a device serial number, a
unique hardware identifier (e.g., a Roku® device ID), or
other known identifier that uniquely identifies the example
OTT device 102. The example user data 204 includes a
user’s name, email address, credit card number, OTT device
ID, a matched ID (FIG. 3), and/or other information required
during registration of the example OTT device 102. In the
illustrated example, the database proprietor 104 matches the
example user data 204 to a second set of data, such as, for
example, demographics 206 from the example DP database
105. The example demographics 206 include similar and/or
different information about the user such as name, age, email
address, education, physical address, credit card number,
gender, household ID, matched ID (FIG. 3), and/or other
information provided during registration for and/or use of a
service provided by the example database proprietor 104
(e.g., Facebook®, Experian®, etc.). In some examples, the
database proprictor 104 matches the example user data 204
to the example demographics 206 using any common data
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clements (e.g., name, email address, credit card number,
matched ID, etc.) and combines, merges, or otherwise uti-
lizes data fusion to supplement the example user data 204
with the example demographics 206, to supplement the
example demographics 206 with the example user data 204,
form matched demographics combining the example user
data 204 with the example demographics 206, etc. In some
examples, the example OTT device 102 communicates
directly with the example database proprietor 104, and the
example database proprietor 104 compares the demograph-
ics 206 to the example OTT device user data 204 and/or the
example OTT device ID 202. In yet other examples, the
example OTT device 102 does not communicate with the
example database proprietor 104, and the example database
proprictor 104 sends demographics to the example demo-
graphic comparator 107, which performs the demographic
comparisons as described herein.

In the illustrated example, the example user data 204 from
the example OTT device 102 includes user registration
information (e.g., an OTT device ID, a name, an address, an
age, a gender, a credit card number, any combination
thereol, or any other identifying information). In the illus-
trated example, the example demographics 206 from the
example database proprietor 104 includes user registration/
profile information pertaining to a name, an address, an age,
a gender, an education, a religion, any combination thereof,
or any other identilying information 1f the user 1s a sub-
scriber of the example database proprictor 104. In some
examples, the example database proprietor 104 associates
users that are members of the same household together into
a household. In such examples, the example database pro-
prictor generates an example database proprietor household
identifier (“DP HH ID”) to identily the household. In the
illustrated example, the example database proprietor 104
sends the example demographics 206 of the user to the
example demographic comparator 107.

The example database proprietor 104 1s one of many
database proprietors that operate on the Internet and provide
services to large numbers of subscribers. Such services may
be email services, social networking services, news media
services, cloud storage services, streaming music services,
streaming video services, online retail shopping services,
credit monitoring services, etc. In examples disclosed
herein, the example database proprietor 104 maintains user
account records corresponding to users registered for Inter-
net-based services provided by the database proprietors.
That 1s, 1n exchange for the provision of services, subscrib-
ers register with the example database proprietor 104. As
part of this registration, the subscribers provide detailed
demographic information to the example database proprietor
104. Demographic imnformation may include, for example,
gender, age, ethmicity, income, home location, education
level, occupation, eftc.

The example demographic comparator 107 receives or
otherwise obtains the example user data 204 from the
service provider of the example OTT device 102 (or the
example OTT device 102 itself). Additionally, the example
demographic comparator 107 receives or otherwise obtains
the example demographics 206 from the example database
proprictor 104. In examples disclosed herein, the example
demographic comparator 107 generates an example secure,
encrypted matched ID 208 (e.g., 3AZ7) to associate demo-
graphics received from the example OTT device 102 and
demographics stored by the example database proprietor
104. When common data elements are 1dentified, the
example demographic comparator 107 matches, combines,
or otherwise associates the user data 204 with the demo-
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graphics 206 to create matched demographics 210. In some
examples, the example demographic comparator 107 sends
the matched demographics 210 with the example matched
ID 208 (e.g., 3AZ7) to the example OTT device 102 and the
example database proprictor 104.

In the illustrated example, the example demographic
comparator 107 1dentifies matches between the example user
data 204 and the example demographics 206 at a household-
level. For example, the example demographic comparator
107 determines whether a data element (e.g., OTT device
ID) of the example user data 204 from the example OTT
device 102 matches a data element (e.g., DP HH ID) of the
example demographics 206 from the example database
proprictor 104. If the data element from the example user
data 204 from the example OTT device 102 matches the data
clement from the example demographics 206 from the
example database proprietor 104, the example demographic
comparator 107 generates the example secure, encrypted
matched ID 208 linking the example user data 204 from the
example OTT device 102 to the example demographics 206
from the example database proprietor 104. The aforemen-
tioned matching process 1s used to create matched demo-
graphic impressions as disclosed herein. While the matching
1s described 1n conjunction with matching the OTT device
ID to a DP HH ID, other data elements may be used to match
households and/or users.

In some examples, the example demographic comparator
107 sends the example matched 1D 208 to the example OTT
device 102, the example database proprietor 104, and the
example demographic corrector 110. In some examples, the
example demographic comparator 107 associates the
example matched 1D 208 with the corresponding example
matched demographics 210 because the example OTT
device 1D 202 1s capable of being changed, reset, hidden, or
otherwise altered to prevent accurate measurement and/or
demographic 1mpression association. Thus, the example
OTT device 102 and the example demographic corrector 110
rely upon the example matched ID 208 for accurate mea-
surement and demographic impression association.

If the example user data 204 from the example OTT
device 102 does not match (e.g., there are no common data
clements) the example demographics 206 from the example
database proprietor 104, the example demographic compara-
tor 107 sends the example user data 204 and the example
demographics 206 to the example demographic predictor
114 (FI1G. 1). For example, the example demographic com-
parator 107 may have a match rate of 73% for 17,552
households. In such examples, the non-matching occurs
because the example database proprietor 104 does not have
data with which to compare to the user data 204 (e.g., the
user of the example OTT device 102 1s not associated with
the example database proprietor 104). In the illustrated
example, the example demographic predictor 114 predicts or
otherwise obtains demographic data for unmatched data by
scaling matched impressions from the example demographic
comparator 107 to accommodate non-matched impressions.
In some examples, demographic impressions are matched to
particular users via IP addresses of OTT devices of those
users (or via IP addresses of a household router, modem,
ctc.). In such examples, a database proprietor (e.g., eXelate)
provides demographics for a particular user based upon the
user’s IP address. IP demographic matching may occur when
the example demographic comparator 107 cannot match the
user data 204 to the demographics 206. Alternatively, IP
demographic matching occurs in parallel with, or instead of,
the example demographic comparator 107. In some
examples, the example demographic comparator 107 1is
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operated by the database proprietor 104. In other examples,
the example demographic comparator 107 1s operated by the
example AME 106. In yet other examples, the example
demographic comparator 107 1s operated by a third party.

The example registration phase of FIG. 2 associates an
identifier 202 of the example OT'T device 102 (e.g., a client
device) with demographics of a user that accesses media via
the example OTT device 102. The user may be a head of
household, or a person likely to register a device for the
household. The example AME 106 identifies a likely profile
of the household and/or demographics of other members
living 1n the same household based on the demographics of
the user. In examples disclosed herein, a household compo-
sition for the household of the user are modeled based on the
demographics of the head of household (e.g., demographics
of the user), media access characteristics (e.g., name, genre,
volume level, application name, application category, time
of day of exposure, database household demographics), and
models based on known panel family compositions indi-
cated in panel data as likely to access a particular mix of
media (e.g., TV shows and/or other programming) that
substantially matches the media accessed on the example
OTT device in the household of the user.

In some examples, a user registers the example OTT
device 102 through an example OT'T registration website to
access one or more media delivery services via the example
OTT device 102. In some examples, when the user config-
ures the example OTT device 102 for use, the example OT'T
device 102 displays example OTT device registration
istructions on an example media presentation device. The
example OTT device 102 instructs the user to navigate to the
example OTT registration website using a computer, or
alternatively through the example OTT device 102 1itself.
The example OTT device 102 also provides to the user the
example OT'T device identifier ID 202 (e.g., A357) that the
user 1s to enter during registration. When the user enters the
example OTT device ID 202 during the example OT
registration, the manufacturer or service provider of the
example OTT device 102 links the example OT'T device 102
with a user account of the user based on the example OTT
device ID 202. By making this association between the
particular OTT device 102 and a user account, the user 1s
able to set up media-streaming services on the example OTT
device 102 and make purchases via the example OTT device
102. Further, the manufacture or provider of the example
OTT device 102 obtains knowledge of who 1s associated
with each OTT device ID 202.

To monitor media accessed via the example OTT device
102, an example AME 104 requires a static identifier (e.g.,
an 1dentifier that does not change), with which the example
OTT device ID 202 fails to conform, 1n some examples.
Therefore, 1n some examples, the example demographic
comparator 107 collects and stores the example OT'T device
ID 202 of the example OTT device 102 during the example
registration phase of FIG. 2. However, because the example
OTT device ID 202 1s capable of changing, the example
demographic comparator 107 creates the example matched
1D 208 to be associated with the example OTT device 102.
In the illustrated examples, the example demographic com-
parator 107 uses the example matched ID 208 to associate
the demographics 206 recerved from the example database
proprictor 104 and/or the user data 204 received from the
example OTT device 102 (e.g., matched demographics 210)
with the example OTT device 102 and, thus, impressions
subsequently recerved from the example OTT device 102. In
some examples, the example matched 1D 208 is the same as

the example OTT device 1D 202.
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In some examples, the example demographic comparator
107 obfuscates the example OTT device ID 202 from the

example database proprictor 104. In such examples, the
example demographic comparator 107 generates a value for
the example matched ID 208 that 1s different from the
example OTT device ID 202. In some examples, the
example matched ID 208 may be a hash of the example OTT
device ID 202. Of course, as mentioned previously, the
example demographic comparator 107 may be part of the
example AME 106, the example database proprietor 104,
and/or a third entity.

As shown 1n FIG. 1, the example demographic corrector
110 has access to the example panelist database 116, wherein
the example AME 106 can associate the example matched
ID 208 with panelist demographics previously collected by
the example AME 106 from the user, 1 the user 1s a panelist
of the example AME 106. For example, the example AME
106 establishes a panel of users who have agreed to provide
theirr demographic information and to have their OTT media
access activities monitored. When an individual joins the
AME panel, the person provides detailed information con-
cerning the person’s i1dentity and demographics (e.g., gen-
der, age, ethnicity, income, home location, occupation, etc.)
to the example AME 106. The example AME 106 sets a
device/user i1dentifier (e.g., a AME cookie) on the person’s
television set top box, computer, OTT device, etc. that
enables the example AME 106 to identily, for example, the
user (e.g., a panelist). An AME panel may be a cross-
platform home television/computer (ITVPC) panel bult and
maintained by the example AME 106. In other examples, the
AME panel 1s a computer panel or internet-device panel
without corresponding to a television audience panel. In yet
other examples, the AME panel may be a cross-platiform
radio/computer panel and/or a panel formed for other medi-
ums.

Although some examples disclosed herein are described
in connection with AME panel members and corresponding
panelist demographics, in some examples, none or only
some of the audience members of OTT devices are panel
members of an AME panel. Examples disclosed herein are
useful to collect demographics from database proprietors
such as the example database proprietor 104 even when an
audience member 1s not a panel member of the example
AME 106. In the illustrated example, the example AME 106
receives subscriber demographics from an example DP 104
as disclosed herein without the example AME 106 also
supplying AME panelist demographics. In some examples,
the example AME 106 does not provide AME panelist
demographics for impressions, and collects demographics
only from database proprietors.

FIG. 3 1llustrates an example impression collection phase
300 to collect demographic impressions corresponding to
the example OTT device of FIGS. 1-2. In the 1illustrated
example of FIG. 3, the example OTT device 102 receives
media from media providers via the Internet over an internet
protocol (IP) connection. In the illustrated example, the
example OTT device 102 may be any IP-based media
delivery device capable of receiving, decoding, and present-
ing video, audio, and/or images. Example OTT devices
include a Roku® media device, an Apple TV® media
device, a Samsung Smart TV® media device, a Google® TV
media device, a Chromecast media device, an Amazon® TV
media device, a gaming console (e.g., a Microsoft® Xbox®
gaming console, a Sony® PlayStation® gaming console, a
Nintendo® W1® gaming console, etc.), a smart TV, a smart
DVD player, an audio-streaming device, eftc.
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In the 1llustrated example, the example media 1s requested
by an audience member 302 (e.g., an OTT device sub-
scriber) through a media presentation device 304. In the
illustrated example, the AME 106 and/or the example data-
base proprictor (DP) 104 identify a likely profile of the
household and/or demographics of other members living in
the same household based on the demographics of the
audience member 302. In some examples, a household
composition for the household of the audience member 302
1s modeled based on the demographics of the head of
household (e.g., demographics of the audience member
302), media access characteristics (e.g., genre and/or volume
of media being accessed in the household), and/or known
panel family compositions indicated in panel data as likely
to access a particular mix of media (e.g., TV shows and/or
other programming) that substantially matches the media
accessed 1n the household of the audience member 302.

The example media presentation device 304 1s connected
to the example OT'T device 102 1n the 1llustrated example.
The example OTT device 102 decodes received media and
outputs the decoded media to the media presentation device
304 for presentation. The example media presentation
device 304 may be a television, a monitor, an audio recerver,
an audio amplifier, etc. In some examples, the example OTT
device 102 1s integrated in the media presentation device
304.

In an example impression collection phase, like the one
shown 1n FIG. 3, the example AME 106 collects impressions
corresponding to media accessed via the example OTT
device 102. Examples disclosed herein collect impression
information for any type of media including content and/or
advertisements. Media may include advertising and/or con-
tent such as web pages, streaming video, streaming audio,
movies, and/or any other type of content and/or advertise-
ments delivered via satellite, broadcast, cable television,
radio frequency (RF) terrestrial broadcast, Internet (e.g.,
internet protocol television (IPTV)), television broadcasts,
radio broadcasts and/or any other vehicle for delivering
media.

In the 1llustrated example, the example OTT device 102
employs media streaming applications (e.g., apps) and/or a
web browser to access media, some of which include
instructions that cause the example OTT device 102 to report
media momitoring information to the example AME 106.
That 1s, when the example OT'T device 102 of the 1llustrated
example accesses media, an application and/or web browser
of the example OTT device 102 executes 1nstructions in the
media to send an 1mpression request 306 to the example
database proprietor 104 via, for example, the Internet or any
other network. The impression request 306 of the 1llustrated
example includes the example matched ID 208, a time stamp
308, and a media ID 310 that identifies the media accessed
at the example OT'T device 102 at the time indicated by the
time stamp 308. The example time stamp 308 includes the
date and time the media was presented. In some examples,
the time stamp 308 includes the duration the media was
presented. In some examples, the time stamp 308 includes a
start time and a stop time.

The example media ID 310 may be a code, a signature,
watermark information, a content management system
(CMS) tag, or any other i1dentifying information that the
example AME 106 pre-defines as being associated with
particular media so that subsequently logged impressions
based on the media ID 310 (such as the impressions logged
during the impression collection phase of FIG. 3) can be
used to identity the particular corresponding media. The
example impression request 306 allows the example data-
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base proprietor 104 to associate (e.g., link) impressions of
different media accessed via the example OTT device 102
with demographics corresponding to the example matched
ID 208 stored within the example database proprietor 104
database, thus creating a demographic impression 312. For
example, for a media presentation within a household, the
demographics of the members of the household are associ-
ated with a household impression of the media presentation.

In some examples, the example database proprietor 104
sends the example demographic impression 312 to the
example AME 106 via, for example, the Internet or any other
network. The example demographic impression 312 of the
illustrated example 1includes the example matched 1D 208,
the media 1D 310, demographics 314, and the time stamp
308. In the 1illustrated example, the example demographics
314 are the matched demographics 210 associated with the
example matched ID 208 determined in the example regis-
tration phase illustrated 1n FIG. 2. In the 1llustrated example,
when the example AME 106 receives the example demo-
graphic impression 312 from the example database propri-
ctor 104, the example AME 106 logs an example impression
316 in an example impression logs data structure 318 based
on the example matched ID 208. The example impression
logs data structure 318 includes the example matched ID
208 and the corresponding demographics 314, which the
example AME 106 obtains from the example database
proprietor 104 1n the example demographic impression 312.

In some examples, the example database proprietor 104
aggregates demographic impressions and sends the aggre-
gate 1mpressions to the example AME 106. In other
examples, the example database proprietor 104 sends indi-
vidual, user-level demographic impressions to the example
AME 106. In the illustrated example, the example demo-
graphic impressions 306 are logged 1in the example impres-
sion logs data structure 318 to associate the media ID 310
with the time stamp 308, the example matched 1D 208, and
the demographics 314. In this manner, the example AME
106 can compare demographic impressions from the
example database proprietor 104 with demographic impres-
sions from panelists, as disclosed herein.

FIG. 4 illustrates the example demographic corrector 110
of FIG. 1. The example demographic corrector 110 utilizes
demographics matched by the example demographic com-
parator 107 (FIG. 1) along with AME panelist demographic
data stored 1n the example panelist database 116 (FIG. 1). In
the illustrated example, the example demographic corrector
110 corrects demographics from the example database pro-
prictor 104 at a household-level. For example, the example
database proprietor 104 and the example AME 106 provide
demographics for particular households, rather than for
every viewer (e.g., person-level data). In the illustrated
example, a particular household 1s made up of numerous
demographic buckets (e.g., ages 2-12, 13-14, 15-17, 18-20,
21-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-64, 65+
for each gender).

The example demographic corrector 110 includes an
example demographic impression receiver 402, an example
panelist database 404, an example DP database 406, an
example household manager 408, an example comparator
410, an example analyzer 412, an example adjuster 414, an
example model trainer 416, and an example model applier
418.

The example demographic impression receiver 402 of the
example demographic corrector 110 receives demographic
impressions irom the example demographic comparator
107. The example demographic impression receiver 402
stores demographic data associated with matched database
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proprictor demographic impressions within a DP database
406. Similarly, the example panelist database 404 receives
and stores demographic data and/or demographic 1mpres-
sion data from the example panelist database 116 (FIG. 1).

The example household manager 408 of the example
demographic corrector 110 obtains demographic data from
the example panelist database 404 and/or the example DP
database 406. The example household manager 408 deter-
mines a probability that a first demographic bucket exists in
a particular household. In the illustrated example, the
example household manager 408 utilizes multiple house-
hold-level machine learming models to predict demographic
groups (e.g., demographic buckets) actually existing 1n a
particular household.

In the 1llustrated example, the example model trainer 416
trains an independent binary model (e.g., yes or no) for each
age and gender combination corresponding to a demo-
graphic bucket (e.g., (male or female)x(ages 2-12, 13-14,
15-17, 18-20, 21-24, 25-29, 30-34, 35-39, 40-44, 45-49,
50-54, 55-64, 65+)), totaling twenty-six binary models. In
some examples, short term visitors and members with ages
less than two years old are excluded, and models are not
trained for these particular people. While the present dis-
closure discusses twenty-six binary models, any number of
models may be used without departing from the scope of the
present disclosure. In the illustrated example, the example
model trainer 416 utilizes a classification and regression tree
(“CART”™) technique to generate the example models. In
some examples, the example model traimner 416 utilizes a
S-folds cross validation to tune the complexity parameter of
cach CART model. Additionally or alternatively, the
example model tramner 416 may use log 1t, conditional
inference tree (“ctree”), random forest, neural networks,
bootstrap aggregate decision trees, or other modeling tech-
niques without departing from the scope of the present
disclosure. The example model tramner 416 may utilize
numerous variables 1n building the example models, 1nclud-
ing, without limitation, household (“HH”) size, age (mean
age of the HH, number of kids, number of teenagers, number
of 18-24 year olds, number of 25-34 year olds, number of
people over 55, etc.), gender (number of female, male, etc.),
person status (number of primary, number of dependents,
etc.), income, education, ethnicity, etc. The example models
produce a probability that a particular demographic bucket
exists 1n a particular household. The example comparator
410 predicts whether the particular demographic bucket
exists 1 the particular household by comparing the prob-
ability to a threshold. The threshold 1s selected to maximize
metrics of interest (e.g., sensifivity, accuracy, precision,
etc.). In some examples, the threshold 1s consistent across all
demographic buckets. In the illustrated example, each demo-
graphic bucket and the corresponding independent binary
model has a unique threshold (e.g., a first threshold of 0.7
may be used for males between the ages of 18 and 20 and
a second threshold of 0.55 may be used for females between
the ages of 30-34).

In some examples, the existence of certain demographic
buckets are dependent on the existence of other demo-
graphic buckets (e.g., children demographic buckets are
likely dependent on adult demographic buckets). In such
examples, a plurality of dependent binary models may be
used to accommodate such dependencies. In some examples,
a two-stage model 1s used, such that dependencies are
identified by a second set of binary models different from the
above 1dentified models.

In some examples, the example model trainer 416 trains
an Ensemble of Classifier Chains (“ECC”) model to incor-
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porate demographic bucket dependencies in an iterative
manner. In the ECC model, the example model trainer 416
trains m classifiers (e.g., C1, C2, C3, . . ., Cm) with a
random chain ordering (e.g., a chain arranging the twenty-
s1x demographic buckets described herein) and a random 5
subset of the training set of household data described herein.
For example, the example model trainer 416 iteratively adds
the demographic bucket(s) determined to exist in the
example household (e.g., by the example comparator 410) as

a predictor variable to predict the next demographic bucket 10
in the chain ordering for a classifier. Thereatfter, the example
model trainer 416 aggregates, for each demographic bucket,
the predicted demographic buckets across the m chains.
Each demographic bucket receives m votes from the m
chains. Thereatter, the example comparator 410 compares 15
the aggregate sum to a threshold to determine whether or not
the demographic bucket exists in the home. This ECC model
may produce a diflerent prediction value than the indepen-
dent binary model for a particular demographic, thereby
incorporating dependency variation information (e.g., adult 20
demographics may be dependent on a child demographics).
Therefore, the household manager 408 can predict the
existence of particular demographic buckets more accu-
rately when dependencies are accounted for, such as by the
example process described herein. Additionally or alterna- 25
tively, the household manager 408 may utilize multiple label
classification methods (e.g., mult1 label k-nearest-neighbor)

to 1ncorporate dependencies.

In the illustrated example the example analyzer 412
calculates probabilities for the number of individuals within 30
the existing demographic buckets for a particular household.
The example analyzer 412 determines conditional probabili-
ties for the number of members (e.g., one member, two
members, three members, etc.) within the existing demo-
graphic buckets based on demographic distributions of pan- 35
clists within panelist households. For example, the condi-
tional probability may be the probability that there 1s one
member 1 an existing demographic bucket based on the
condition that there 1s at least one member in the existing
demographic bucket (e.g., one of the demographic buckets 40
that the household manager 408 determined exists in the
household). The example analyzer 412 defines intervals
between zero and one based on the conditional probabilities.
The number of internals may be dependent on the number of
outcomes (e.g., one person 1 an existing demographic 45
bucket, two people, three people, four people, etc.). Of
course, any number of intervals may be defined. The
example analyzer 412 then generates a random number Rn
between 0 and 1. The example comparator 410 compares the
generated random number Rn to the defined intervals and 50
identifies the number of people 1n the demographic bucket
based on which interval the generated random number Rn
talls 1into. Accordingly, the example demographic corrector
110 predicts which demographics exist within a household
and predicts how many people are in each of the existing 55
demographic buckets.

In some examples, person-level matched demographic
impressions are available or household-level matched demo-
graphic impressions are available and person-level correc-
tion 1s used. In such examples, the number of missing people 60
within a household i1s predicted prior to correcting the
demographics of the DP housechold members. In some
examples, a machine learning and/or statistical model (e.g.,
decision trees, neural networks, etc.) 1s used to predict the
number of missing people as well as the demographics of the 65
missing people associated with a household. In some
examples, missing members can be determined using mean
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and/or median values 1n similar HHs to predict the demo-
graphics of the missing members. Alternatively, a “missing”
label 1s applied to variables for which the database propri-
ctor does not have data (e.g., no data="missing”’).

Thereatter, the example demographic corrector 110 cor-
rects demographics from the example database proprietor
104. The example household manager 408 prepares a pan-
clist household member’s age to be compared to DP house-
hold members” ages where person-level matched data 1s not
available. While the present disclosure discusses matching
ages, any other demographic information may be used
similarly for finding matches between AME panelists and
database proprietor registrants without departing from the
scope of this disclosure. In some examples, the example
household manager 408 matches a household first by getting
both panelist and DP household member impression infor-
mation associated with the same matched ID.

In some examples, a machine learning and/or statistical
model 1s used to correct individual level database proprietor
demographics using variables, such as, for example, DP
household size, DP demographic buckets, person status
(e.g., head of household, number of adult parents in a
household, number of unknown family members 1n a house-
hold), education (e.g., levels of education), age (e.g., number
of kids ages 0-12, number of teenagers ages 13-17, number
of young adults ages 18-34, number of adults ages 35-45,
number of elderly ages 65+), gender (e.g., number of
unknown gender, number of males, dominant gender), and
cthnicity (e.g., number of Caucasian, Hispanic, Ailrican
American, dominant ethnicity).

In some examples, extra members can be determined
based on age-gender combinations (e.g., a male of age 33
would represent an ‘Extra’ member where only females
and/or males ages 1-27 are present). In other examples, extra
members can be determined based on separate models for
age and gender (e.g., model 1 for age buckets and model 2
for gender buckets). In such examples, a machine learning
and/or statistical model 1s formed using the person-level
matched data to predict for each person, whether that person
1s “extra” or not. In such examples, diflerent “extra” mem-
bers may be 1dentified 1n each example. Therefore, 1n some
examples, the accuracy of “extra” member 1dentification 1s
verified. In other examples, only members identified as
“extra” members are considered.

The example comparator 410 of the example demo-
graphic corrector 100 compares a panelist to all DP house-
hold members for age comparison. The example analyzer
412 of the example demographic corrector 110 determines
that the panelist and the DP household member with the
closest ages are a possible match. Thereafter, the example
analyzer 412 verifies 11 the matching household members are
within a variance of years (e.g., +3, +10, etc.). Examples
disclosed herein utilize vanances (e.g., +3, +10, etc.) to
account for mistakes, lies, and/or other demographic inac-
curacies that could lead to misattributions. Using variances
provides for a larger number of matches to occur, however,
it also highlights the fact that the demographic data is
incorrect. Theretore, examples disclosed herein correct such
errors 1n the demographic data.

While the example analyzer 412 determines that a panelist
matches with a DP household member, the panelist and DP
household member may have different demographics (e.g.,
age, gender, etc.). In some examples, these differences can
be adjusted (e.g., corrected) using the panelist demographic
information as truth. For example, i1 the DP member demo-
graphics vary from the panelist demographic information,
then the DP member demographics are incorrect and can be




US 10,045,082 B2

23

corrected by replacing the incorrect demographics with the
panelist demographics. The example adjuster 414 of the
example demographic corrector 110 corrects the DP house-
hold member demographics by determining the difference(s)
between the demographic data of the DP household member
and the panelist, and correcting the demographics, as dis-
cussed above. In other examples, the example adjuster 414
only determines the difference(s) between the demographic
data of the DP household member and the panelist. The
example model tramner 416 of the example demographic
corrector 110 trains a model based on the determined
difference(s) in the demographic data of the DP household
member and the panelist. The example model applier 418 of
the example demographic corrector 110 utilizes models
trained by the example model trainer 416 to apply similar
corrections to a plurality of demographic impressions, espe-
cially those where panelist data 1s not available. Thus, based
on a panelist subset (e.g., a sample population), a statistical
model 1s trained and applied to an entire set (e.g., a universe
population). The statistical model may be a machine or
computational learning algorithm (e.g., decision trees, neu-
tral network, etc.). In some examples, the statistical model
has the ability to perform accurately on new, unseen
examples/tasks after having experienced a learning dataset.

In some examples, the example analyzer 412 cannot
match a panelist to a DP household member (e.g., HH size
in DP only matches AME HH size 20% of the time; 40% of
households have missing members; 40% of households have
extra members). In the illustrated example, the example
adjuster 414 assigns a “missing”’ label or an “extra” label to
the non-matched DP household members, as will be further
described below. In some examples, the demographics of
missing and/or extra non-matched DP houschold members
are corrected after a model has been trained by the example
model trainer 416. Additionally or alternatively, the missing,
and/or extra non-matched DP household members may have
demographics predicted by the example demographic pre-
dictor 114, because without a matching panelist 1t may be
difficult to determine whether or not the DP household
member’s demographics are accurate. In these examples, the
example demographic predictor 114 uses television and PC
media and viewing history to predict demographics of a
missing and/or extra DP household member (e.g., children
programming 1n an all adult household makes it probable
there 1s child impression data missing from 1n the database
proprictor’s database). In some examples, households with
chuldren are more likely to have missing and/or incorrect
1M pressions.

In some examples, the number of missing people within
a household 1s predicted prior to correcting the demograph-
ics of the DP household members. In some examples, there
are no missing people in a household, 1 missing person in a
household, 2 missing people 1n a household, or more than 2
missing people 1n a household. An example distribution 1s
51% of households have no missing people, 24.5% of
households have one missing person, 12.5% of households
have two missing people, and 12% of households have more
than two missing people. A number of factors aflect distri-
butions such as the example distribution above. In some
examples, DP household size, DP demographic buckets,
person status (e.g., head of household, number of adult
parents in a household, number of unknown family members
in a household), education (e.g., levels of education), age
(e.g., number of kids ages 0-12, number of teenagers ages
13-17, number of young adults ages 18-34, number of adults
ages 35-45, number of elderly ages 65+), gender (e.g.,
number of unknown gender, number of males, dominant
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gender), and ethnicity (e.g., number of Caucasian, Hispanic,
Alrican American, dominant ethnicity) factor into such
distributions.

In some examples, extra members can be determined
based on demographic buckets having age-gender combi-
nations (e.g., male age 33 would represent ‘Extra’ in demo-
graphic bucket of females and/or males ages 1-27). In other
examples, extra members can be determined based on sepa-
rate models for age and gender (e.g., a first model for age
buckets and a second model for gender buckets). Example
flow diagrams of example operations of the example demo-
graphic corrector 110 are described below in connection
with FIGS. 7, 8, and 9A-9C.

FIG. 5 1llustrates the example viewership assigner 112 of
FIG. 5. When correcting demographics as disclosed herein,
the example demographic impressions are adjusted and/or
modeled based on demographics from panelist data. In the
illustrated example, viewership for a particular impression 1s
associated with the corrected demographics. As described
below 1n connection with FIG. 5, the example viewership
assigner 112 utilizes the corrected demographics from the
example demographic corrector 110 to accurately assign
viewership to the correct HH members to create corrected
demographic impressions. The example viewership assigner
112 of the 1llustrated example of FIG. 5 includes an example
OTT demographic impression receiver 502, an example
OTT database 504, an example donor data receiver 506, an
example donor database 508, an example household (“HH”)
member manager 510, an example viewership analyzer 512,
an example viewership adjuster 514, and an example OTT
viewership assigner 516.

The example OTT demographic impression receiver 502
of the example viewership assigner 112 receives corrected
demographics associated with the corrected demographics
from the example demographic corrector 110 (FIG. 4), to
assign viewership of a particular impression to a particular
HH member. Along with the corrected demographics, the
example OTT demographic impression receiver 502
receives OTT device mnformation including impressions,
times 1n which a household uses the example OTT device
102, and OTT media information (e.g., name, genre, appli-
cation name, application category, time of day of exposure,
etc.). Accordingly, the example OTT demographic impres-
sion receiver 502 sends the received impressions, times,
media information, and corrected demographics to an OTT
database 504.

Additionally, the example donor data receiver 506 of the
example viewership assigner 112 obtains media and viewing
history of a panelist obtained through AME metering. In
some examples, the example AME 106 (FIG. 1) implements
numerous methods to collect media impression information
(e.g., media, time, viewership, etc.) from televisions and/or
PCs. In some examples, metering applications are installed
directly on a television, a set top box, and/or a PC to
accurately measure media and viewership directly. Other
methods include momitoring media through proxies using
proxy logs to determine media, time, viewership, etc. The
example donor data receiver 506 recerves media and view-
ing history information from the example AME 106
obtained through these or other alternative methods of
collecting television and PC media and viewership. Accord-
ingly, the example donor data receiver 506 sends the
received times, media information, and viewing history
information to a donor database 508.

In the illustrated example, the example viewership
assigner 112 utilizes probabilities based on donor household
data (e.g., panelist and/or historical viewing data), such as




US 10,045,082 B2

25

metering data associated with televisions connected to OTT
devices or other metering as described herein. In some
examples, the example donor data receiver 306 acquires
donor data via the example network 122 (block 1004). The
example donor data recerver 506 stores the example donor
data 1 the example donor database 508. The example
viewership analyzer 512 uses a plurality of variables to find
donor household information 1n the example donor database
508 that match with data related to the first household.
Examples of matching variables include, without limitation,
demographics (male ages 2-12, 13-4, 15-17, etc., female
ages 40-44, 50-54, etc.), time of day (e.g., prime time, late
alternoon/early evening, late evening, weekday morning,
weekday daytime, weekend daytime, etc.), specific genre
(e.g., musical drama, feature film, comedy variety, children,
etc.), HH size, number of adults, number of kids, etc. These
matching variables provide, for example, who was viewing
what was being viewed, when was 1t being viewed, and how
much was viewed. For example, over a period of s1x months,
televisions connected to OTT devices may provide the
program, originator, household identifier, viewing date, time
of day, and demographics. In such examples, 930,420 view-
ing events (e.g., 22 million minutes) from 2,933 panelist
spread across 869 homes may provide 12,937 programs of
various genres. In some examples, direct metering methods
(e.g., people meter, portable people meter, etc.) collect such
information. In some examples, attribution via button-push-
ing provides such information. In some examples, the
example viewership adjuster 514 rolls up the vanables (e.g.,
subsequently searches for matching donor household infor-
mation with less variables used in the search), such that a
match may be found. In some examples, mitially a donor
household must match all matching variables associated
with the first household. After the example viewership
adjuster 514 rolls up the vanables a first time, a donor
household must match less variables than before.

The example viewership analyzer 512 accesses the actual
demographic buckets that exist within the first household
based on the demographics corrected by the example demo-
graphic corrector 110. For a first demographic bucket, the
example viewership analyzer 512 determines a probability
that a viewer 1n the first household viewed a media presen-
tation by dividing a first time that a person i1n the donor
household matching the first demographic bucket previously
viewed the media presentation (e.g., based on panelist
viewing history) by a second time that all members 1n the
donor household previously viewed the media presentation.
For example, an OTT impression was recorded for the first
household on Thursday at 8 pm during The Big Bang
Theory. The first household has three people with demo-
graphics corrected by the demographic corrector: Linda
(F45), Mike (M44), and Eliza (F13). The example viewer-
ship assigner 112 determines the probability that Linda was
watching the OTT device at the time of the impression by
identifying donor data including viewing events associated
with the demographic female ages 45-49, during primetime,
with a situational comedy viewing genre 1n a household size
of three 1n a home that has <=two adults and one child. In
such examples, the example viewership assigner 112 1den-
tifies all viewing events for households with 3 people, <=2
adults, 1 child, and at least one person in the F45-49 demo
for situation comedies during primetime. Within this subset,
the example viewership assigner 112 calculates the prob-
ability of Linda viewing The Big Bang Theory by adding up
the total minutes viewed (e.g., by someone in the F45-49
demographic bucket) and dividing by the total possible
minutes viewed (e.g., all minutes that the program was on in
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the subset of households). The example viewership assigner
112 repeats this procedure for Mike and Eliza. Of course, the
probability determinations may be calculated and stored in
look-up tables for the first household (e.g., in the example
OTT database 504) and for the donor households (e.g., in the
example donor database 508) such that the probabilities
need not be re-calculated over and over.

Thereatter, the example viewership analyzer 512 searches
for a donor viewing event matching, for example, the time
of day and genre of an 1impression, and the first household
size, number of adults and number of children in the first
household. If there 1s more than one possible match, the
example viewership analyzer 512 ranks the first household
members and the household members from all donor view-
ing events from highest probability of viewing the media
presentation to lowest. In some examples, such as with
households of five or more people, the number of donor
viewing events 1s low as there are not many households with
more than five members. In such examples, only the five
members with the highest probabilities of viewing the media
presentation (of both the donor and recipient homes) are
used for matching. For each first household member, the
example viewership analyzer 512 subtracts the probability
that the household member viewed the media presentation
from the probability that the corresponding donor household
member viewed the media presentation, taking the absolute
value of the difference. The example viewership analyzer
512 adds up the differences 1n probabilities across all house-
hold members. This process 1s repeated for all possible
donor households/viewing events, and the example viewer-
ship analyzer 512 selects the donor viewing event with the
smallest difference as the donor. In the case of a tie, the
donor viewing event 1s chosen randomly.

When the example viewership analyzer 512 1dentifies a
donor viewing event, the {first household members are
matched to donor household members with the same rank
(e.g., ranked from highest probability of viewing the media
presentation to lowest). For example, the first household
member with the highest probability of viewing the media
presentation 1s matched to the donor household member
with the highest probability of viewing the media presenta-
tion. Thereatter, the viewing history (e.g., viewed or did not
view the media presentation) from the matched donor house-
hold members 1s imputed onto the members of the first
household, thereby assigning viewership for a particular
impression ol the media presentation. Accordingly, the
example viewership analyzer 512 identifies instances of
co-viewing (e.g., where more than one person 1s watching
the same media presentation), thereby increasing the number
of impressions. For example, where there 1s one impression
per household, but two people are viewing, the example
viewership analyzer 512 assigns the impression to two
people.

Additionally or alternatively, the example HH member
manager 510 of the example viewership assigner 112 utilizes
the example OTT device impressions, times, media infor-
mation, and corrected demographics from the example OTT
database 504 and the television and PC times, media infor-
mation, and viewing history information from the example
donor database 508 to predict which HH member 1s using
the example OT'T device for each particular impression. The
example HH member manager 510 historically extracts
media and viewing history from the example donor database
508 to predict and/or match a HH member to a particular
impression. In other words, media and viewing history from
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television and PC 1s a factor in determining OTT device
viewership for similar media and/or during similar times in
some examples.

The example HH member manager 510 also distinguishes
particular OTT media. In some examples, media 1mpres-
s1ons that have media information associated therewith (e.g.,
from the example OTT database 504) are determined to
correspond to media accessed using an application (e.g.,
advertisements embedded in wvideo) running on OTT
devices. In other examples, media impressions that have no
media information associated therewith (e.g., absent 1n the
example OTT database 504) are determined to correspond to
media accessed via a webpage, homepage, channel, or other
non-application media.

In some examples, multiple household members are to be
assigned to a particular impression (e.g., multiple people are
watching the same media at the same time). The example
viewership analyzer 512 of the example viewership assigner
112 determines whether multiple HH members are to be
assigned viewership 1n association with a single impression.
In some examples, a backward elimination model 1s used to
determine viewership (e.g., all HH members are accounted
for and those HH members that are determined not to be
viewers are eliminated). In some examples, a viewership
adjuster 5314 removes HH members that are determined not
to be viewers. In some examples, the example viewership
adjuster 514 adds HH members that are determined to be
VIEWers.

In some examples, the example viewership analyzer 512
analyzes viewing and household information for a particular
household (recipient) and uses panelist viewing (donor)
(e.g., OT'T media, television, and PC media viewing history)
to assign probabilities of viewing to all household members.
In some examples, the example viewership analyzer 512
determines a set of donor households based on the recipi-
ents’ viewing and household characteristics to assign prob-
abilities of viewing to all donor household members. In
some examples, the example viewership analyzer 512 com-
pares recipient households to donor households to find
matches. In some examples, the matches are compared to a
threshold probability. In some examples, viewership 1s
assigned to recipient households based on the assigned
viewership of a matched donor household.

In some examples, the example viewership analyzer 512
uses media information (e.g., program, time, etc.) and both
household and 1individual characteristics to assign probabili-
ties of viewing to each household member. In some
examples, the example viewership analyzer 512 creates a
statistical and/or machine learning model based on panelist
viewing history and panelist household and individual char-
acteristics. The example viewership analyzer 512 applies the
model to a non-panelist household to assign viewership
according to the probabilities of viewing and/or a pre-
determined threshold.

The example OTT wviewership assigner 510 of the
example viewership assigner 112 associates an impression to
the HH member(s) (and his or her demographic information)
that are determined to be viewers by the example viewership
adjuster 514 and the example viewership analyzer 512. In
some examples, panelist viewership based on television
and/or PC media and timestamps 1s scaled and similarly
assigned to OTT device viewership. In other examples, the
example OT'T viewership assigner 310 does not account for
co-viewing and a single impression 1s associated with a
corresponding single HH member. Other examples for
accounting for co-viewing may be utilized without departing
from the scope of the present disclosure. An example tlow
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diagram 1llustrating an example implementation of the
example viewership assigner 112 1s described below 1n
connection with FIG. 9.

FIG. 6 1illustrates an example demographic predictor of
FIG. 1 to predict demographics for impressions not cor-
rected by the example demographic corrector. In some
examples, the example demographic comparator 107 (FIG.
2) does not match user data 204 (FIG. 2) from the example
OTT device 102 (FIG. 2) to demographics 206 (FIG. 2) from
the example database propriector 104 (FIG. 2), and/or the
example demographic corrector 110 (FIG. 4) does not match
a panelist HH member to a DP household member, leaving
a plurality of unknown demographic impressions. There-
fore, to obtain corrected demographic impressions 1n these
examples, the example demographic predictor 114 1s uti-
lized. In the illustrated example of FIG. 6, the example
demographic predictor 114 predicts demographics for OTT-
DP impressions not matched by the example demographic
comparator 107.

The example demographic predictor 114 of the illustrated
example of FIG. 6 includes an example OTT demographic
impression receiver 602, an example OTT-DP matched
impression database 604, an example OTT-DP non-matched
impression database 606, an example IP address demo-
graphic receiver 608, an example prediction manager 610,
an example linear scaler 612, an example differential scaler
614, and an example modeler 616.

In the illustrated example, to predict demographics for a
particular impression, the example demographic predictor
114 receives the matched and non-matched demographic
impressions irom the example demographic comparator
107. Accordingly, the example demographic predictor 114
stores the matched demographic impressions in the example
OTT-DP example matched impressions database 604. Simi-
larly, the example demographic predictor 114 stores the
non-matched demographic impressions 1n the example OT'T-
DP non-matched impressions database 606.

In the 1illustrated example, the prediction manager 610
utilizes the matched impressions from the example OTT-DP
matched impressions database 604 to create predictions for
non-matched demographic impressions from the example
OTT-DP non-matched impressions database 606. In some
examples, the demographics from the matched impressions
are scaled to make up for missing demographics in the
non-matched impressions.

In the illustrated example, the example demographic
predictor 114 includes the linear scaler 612 to linearly scale
demographics from the matched impressions (e.g., impres-
sions from the example OTT device 102 matched with data
from the example database proprietor 104, such as, for
example, panelist data). The diflerence between the scaled
demographics and the demographics from the matched
impressions can be used to represent the demographics for
the non-matched impressions. For example, 1t 95% of all the
impressions are matched and 5% of all the impressions are
not matched, the linear scaler 612 can scale the demograph-
ics across all demographic buckets from 95% to 100% (e.g.,
a demographic distribution of the demographics from the
matched impressions can be multiplied by 100/95). For
example, 1if the demographic distribution from the above
example includes 95 twenty-five year old males associated
with the matched 1mpressions, 95 can be multiplied by
100/95 such that the demographic distribution now 1ncludes
100 twenty-five year old males (and the additional 5 twenty-
five year old males can be used for the non-matched impres-
s1ons). In such examples, 1t 1s presumed that the 5% of the

impressions that are not matched are similar to the 95% of
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the impressions that are matched. The example linear scaler
612 applies a constant scaling factor to all demographic
buckets.

In some examples, the constant scaling factor may be
based on co-viewing, as determined by the example view-
ership assigner 112 (e.g., directly obtained from the example
viewership assigner 112, received from the example view-
ership assigner 112 over the example network 122, etc.). For
example, the example viewership assigner 112 accounts for
co-viewing by i1dentifying multiple household members
associated with an impression, thereby counting multiple
impressions from a single household impression. Accord-
ingly, the number of impressions determined by the example
viewership assigner 112 may be larger than the number of
impressions the example OTT demographic impression
receiver 502 (FIG. 5) mitially receives. The example linear
scaler 612 and/or the example differential scaler 614 gen-
erates a co-viewing rate (“CVR”) based on the number of
demographic impressions determined by the example view-
ership assigner 112 and the number of matched demographic
impressions received by the example OTT demographic
impression receiver 502 (e.g., the example viewership
assigner 112 determines there are 1200 impressions when
the example OTT demographic impression receiver 502
received 9350 (e.g., out of 1000, such that 50 were not
matched by the example demographic comparator 107 (FIG.
1)) such that the co-viewing rate may be CVR=1200/
050=1.263). The example linear scaler 612 may scale the
non-matched impressions (e.g., 50) based on the co-viewing
rate (e.g., 1.263) to account for co-viewing (e.g., 63 impres-
sions). In such examples, the example modeler 616 distrib-
utes the co-viewing scaled impressions across the various
demographic buckets. Therealiter, the example linear scaler
612 combines the scaled up non-matched impressions (e.g.,
63) and the number of impressions determined by the
example viewership assigner 112 (e.g., 1263) and divides by
the number of impressions determined by the example
viewership assigner 112 (e.g., 1200) to obtain the constant
scale factor.

In some examples, a unique audience value may be scaled
by the example scaling factor. The umique audience value
defines a distinct number of people who viewed a media
presentation within a given period of time (e.g., identified in
panelist data, calculated and/or adjusted after assigning
viewership, etc.). The unique audience value may be differ-
ent from the number of 1mpressions as a unique mndividual
may view the same media presentation multiple times (e.g.,
there may be a total of 500 impressions but only 255 unique
people 1 a particular demographic bucket). The unique
audience value can be scaled to account for co-viewing
similarly to the non-matched impressions discussed above.
The example linear scaler 612 may divide the number of
impressions determined by the example viewership assigner
112 (e.g., 1200) by the unique audience value (e.g., 630) to
determine a frequency (e.g., 1.90). Thereafter, the example
linear scaler 612 may divide the combined scaled up non-
matched impressions and number of impressions determined
by the example viewership assigner 112 (e.g., 1263) by the
frequency (e.g., 1.90) to determine a scaled unique audience
value (e.g., 664). Of course, the non-matched impressions
and the unique audience value may be scaled across the
various demographic buckets (e.g., male ages 2-12, female
ages 2-12, etc.) and/or across the aggregate of the demo-
graphic buckets.

In other examples in which the non-matched impressions
cannot be accurately scaled linearly, the example demo-
graphic predictor 114 includes the example differential

10

15

20

25

30

35

40

45

50

55

60

65

30

scaler 614 to differentially scale demographics from the
matched 1mpressions. For example, mstead of applying a
constant scaling factor to all demographic buckets, the
example differential scaler 614 applies a vanable scaling
factor to each demographic bucket individually. In the
illustrated example, the variable scaling factor 1s based on a
match rate of panelists for a particular demographic bucket.
For example, 11 95% of the male panelists of ages 15-17 are
matched by the example demographic comparator 107 (FIG.
1) (e.g., 5% of the male panelists of ages 15-17 are not
matched), then the example diflerential scaler 614 applies a
first scaling factor (e.g., 100/935) to the demographic bucket
associated with males of ages 15-17. Similarly, 11 80% of the
female panelists of ages 40-44 are matched by the example
demographic comparator 107 (e.g., 20% of the female
panelists of ages 40-44 are not matched), then the example
differential scaler 614 applies a second scaling factor (e.g.,
100/80) to the demographic bucket associated with females
of ages 40-44. As discussed above, the difference between
the scaled demographics and the demographics from the
matched impressions can be used to represent the demo-
graphics for the non-matched impressions. Thus, the panelist
data match rate 1s associated with the scaling factor for each
demographic bucket.

Additionally or alternatively, the prediction manager 610
receives the corrected demographics from the example
demographic corrector 110 (FIG. 4) with the example OTT
demographic impression receiver 602. In the illustrated
example, the prediction manager 610 utilizes the corrected
demographics from the example demographic corrector 110
to create predictions for unknown demographic impressions.
In some examples, the corrected demographics are scaled to
allow demographic associations to be made with the non-
matched impressions. The corrected demographics may be
scaled linearly or differentially as disclosed herein.

In some examples, demographic impressions can be
matched to particular users via IP addresses. In some
examples, an additional or alternate database proprietor
(e.g., eXelate) provides demographics for a particular user
based upon the user’s IP address. In some examples, IP
address-based demographic matching occurs when the
example demographic comparator 107 cannot match the first
set of data to the second set of data. In other examples, IP
address-based demographic matching occurs 1n parallel or 1n
replacement of the example demographic comparator 107.
In the illustrated example, the example demographic pre-
dictor 114 includes the example IP address demographic
receiver 608 to receive demographic data for a particular
user based on the user’s IP address. Thereatter, the example
prediction manager 610 matches the non-matched 1mpres-
sions from the example OTT-DP non-matched impressions
database 606 with the user demographic data based on the
corresponding IP address of the user’s OTT device. Addi-
tionally or alternatively, the example prediction manager
610 uses the IP address of a household modem, router,
local-area-network, or other private network.

In the illustrated example, the example demographic
predictor 114 includes the example modeler 616 to train a
prediction model based on the matched impression scaling,
the corrected demographic scaling, and/or the IP address
demographic matching described above. In some examples,
the example modeler 616 applies the prediction model to the
example OTT-DP matched impressions from the example
OTT-DP matched impressions database 604, the example
OTT-DP non-matched 1 1mpressmns from the example OTT-
DP non-matched impressions database 606, and/or the cor-
rected OTT demographics from the example demographic
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corrector 110. In the illustrated example, the modeler 616
trains the prediction model using an AME panelist subset,
and the prediction model 1s applied to aggregate demo-
graphic impressions. The aggregate demographic impres-
sions may or may not include the AME panelist subset. In
this manner, the example demographic predictor 114 pre-
dicts the demographics for non-matched impressions.

In examples disclosed herein, after the demographics
have been corrected by the example demographic corrector
110 (FIG. 4), the viewership has been assigned by the
example viewership assigner 112 (FIG. 8), and the unknown
impressions are predicted by the example demographic
predictor 114 (FIG. 6), the results are aggregated together by
an example aggregator 118 (FIG. 1). Subsequently, the
example apparatus 108 (FIG. 1) generates and/or exports a
plurality of reports 120 with the assigned viewership and
corrected/predicted demographics, to report demographic
impressions with relatively higher accuracies from OTT
devices.

While an example manner of implementing the example
demographic corrector 110 of FIG. 1 1s illustrated in FIG. 4,
an example manner of implementing the example viewer-
ship assigner 112 of FIG. 1 i1s 1llustrated 1in FIG. 5, and an
example manner of implementing the example demographic
predictor 114 of FIG. 1 1s illustrated in FIG. 6, one or more
of the elements, processes and/or devices 1illustrated 1in
FIGS. 4, 5, and 6 may be combined, divided, re-arranged.,
omitted, eliminated and/or implemented 1n any other way.
Further, the example demographic impression receiver 402,
the example panelist database 404, the example DP database
406, the example household manager 408, the example
comparator 410, the example analyzer 412, the example
adjuster 414, the example model trainer 416, the example
model applier 418, and/or, more generally, the example
demographic corrector 110 of FIG. 4; the example OTT
demographic impression receiver 502, the example OTT
database 304, the example donor database 508, the example
household member manager 510, the example OTT view-
ership assigner 510, the example viewership analyzer 512,
the example viewership adjuster 514, the example donor
data receiver 506, and/or, more generally, the example
viewership assigner 112 of FIG. 5; and/or the example OTT
demograpmc 1mpressmn receiver 602, the example OTT-DP
matched impression database 604, the example OTT-DP
non-matched impression database 606, the example predic-
tion manager 610, the example linear scaler 612, the
example diflerential scaler 614, the example modeler 616,
the example IP address demographic receiver 608, and/or,
more generally, the example demographic predictor 114 of
FIG. 6 may be implemented by hardware, soitware, firm-
ware and/or any combination of hardware, software and/or
firmware. Thus, for example, any of the example demo-
graphic impression receiver 402, the example panelist data-
base 404, the example DP database 406, the example house-
hold manager 408, the example comparator 410, the
example analyzer 412, the example adjuster 414, the
example model trainer 416, the example model applier 418,
and/or, more generally, the example demographic corrector
110 of FIG. 4; the example OTT demographic impression
receiver 502, the example OT'T database 504, the example
donor database 508, the example household member man-
ager 510, the example OTT viewership assigner 510, the
example viewership analyzer 512, the example viewership
adjuster 514, the example donor data receiver 506, and/or,
more generally, the example viewership assigner 112 of FIG.
5; and/or the example OTT demographic 1mpression
receiver 602, the example OTT-DP matched impression
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database 604, the example OTT-DP non-matched impres-
sion database 606, the example prediction manager 610, the
example linear scaler 612, the example differential scaler
614, the example modeler 616, the example IP address
demographic receiver 608, and/or, more generally, the
example demographic predictor 114 of FIG. 6 could be
implemented by one or more analog or digital circuit(s),
logic circuits, programmable processor(s), application spe-
cific mtegrated circuit(s) (ASIC(s)), programmable logic
device(s) (PLD(s)) and/or field programmable logic
device(s) (FPLD(s)). When reading any of the apparatus or
system claims of this patent to cover a purely software
and/or firmware implementation, at least one of the example
demographic impression receiver 402, the example panelist
database 404, the example DP database 406, the example
household manager 408, the example comparator 410, the
cxample analyzer 412, the example adjuster 414, the
example model trainer 416, the example model applier 418,
and/or, more generally, the example demographic corrector
110 of FIG. 4; the example OTT demographic impression
receiver 502, the example OT'T database 504, the example
donor database 508, the example household member man-
ager 510, the example OTT viewership assigner 510, the
example viewership analyzer 512, the example viewership
adjuster 514, the example donor data receiver 506, and/or,
more generally, the example viewership assigner 112 of FIG.
5, and/or the example OTT demographic i1mpression
receiver 602, the example OTT-DP matched impression
database 604, the example OTT-DP non-matched impres-
s1ion database 606, the example prediction manager 610, the
example linear scaler 612, the example differential scaler
614, the example modeler 616, the example IP address
demographic receiver 608, and/or, more generally, the
example demographic predictor 114 of FIG. 6 1s/are hereby
expressly defined to include a tangible computer readable
storage device or storage disk such as a memory, a digital
versatile disk (DVD), a compact disk (CD), a Blu-ray disk,
etc. storing the software and/or firmware. Further still, the
example demographic corrector 110 of FIG. 4, the example
viewership assigner 112 of FIG. 5, and/or the example
demographic predictor 114 of FIG. 6 may include one or
more elements, processes and/or devices i addition to, or
instead of, those 1illustrated in FIGS. 4, 5, and/or 6, and/or
may include more than one of any or all of the 1llustrated
clements, processes and devices.

Flowcharts representative of example machine readable
instructions for implementing the example demographic
corrector 110 of FIGS. 1 and 4 to correct demographics
associated with OTT-DP matched impressions are shown 1n
FIGS. 7, 8, and 9A-9C. Flowcharts representative of
example machine readable instructions for implementing the
example viewership assigner 112 of FIGS. 1 and 5 to assign
viewership to a corresponding single impression based on
the corrected demographics from the example demographic
corrector 110 are shown i1n FIGS. 10-11. A flowchart rep-
resentative of example machine readable instructions for
implementing the example demographic predictor 114 of
FIGS. 1 and 6 to predict demographics for the example
OTT-DP impressions that were not matched 1s shown 1n
FIG. 12. In these examples, the machine readable 1nstruc-
tions comprise programs for execution by a processor such
as the processor 1112 shown in the example processor
plattorm 1100 discussed below in connection with FIG. 13.
The programs may be embodied 1n soitware stored on a
tangible computer readable storage medium such as a CD-
ROM, a floppy disk, a hard drive, a digital versatile disk
(DVD), a Blu-ray disk, or a memory associated with the
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processor 1112, but the entire programs and/or parts thereof
could alternatively be executed by a device other than the
processor 1112 and/or embodied 1n firmware or dedicated
hardware. Further, although the example programs are
described with reference to the flowcharts illustrated in

FIGS. 7, 8A-8C, 9, and 10, many other methods of imple-

menting the example demographic corrector 110, the
example viewership assigner 112, and/or the example demo-
graphic predictor 114 may alternatively be used. For
example, the order of execution of the blocks may be
changed, and/or some of the blocks described may be
changed, eliminated, or combined.

As mentioned above, the example processes of FIGS. 7,
8, 9A-9C, 10, 11, and 12 may be implemented using coded
instructions (e.g., computer and/or machine readable
instructions) stored on a tangible computer readable storage
medium such as a hard disk drive, a flash memory, a
read-only memory (ROM), a compact disk (CD), a digital
versatile disk (DVD), a cache, a random-access memory
(RAM) and/or any other storage device or storage disk 1n
which information i1s stored for any duration (e.g., for
extended time periods, permanently, for brief imnstances, for
temporarily bullering, and/or for caching of the informa-
tion). As used herein, the term tangible computer readable
storage medium 1s expressly defined to include any type of
computer readable storage device and/or storage disk and to
exclude propagating signals and transmission media. As
used herein, “tangible computer readable storage medium”™
and “tangible machine readable storage medium™ are used
interchangeably. Additionally or alternatively, the example
processes of FIGS. 7, 8, 9A-9C, 10, 11, and 12 may be
implemented using coded instructions (e.g., computer and/or
machine readable instructions) stored on a non-transitory
computer and/or machine readable medium such as a hard
disk drive, a flash memory, a read-only memory, a compact
disk, a digital versatile disk, a cache, a random-access
memory and/or any other storage device or storage disk in
which information i1s stored for any duration (e.g., for
extended time periods, permanently, for brief instances, for
temporarily builering, and/or for caching of the informa-
tion). As used herein, the term non-transitory computer
readable medium 1s expressly defined to include any type of
computer readable storage device and/or storage disk and to
exclude propagating signals and transmission media. As
used herein, when the phrase “at least” 1s used as the
transition term 1n a preamble of a claim, 1t 1s open-ended in
the same manner as the term “comprising” 1s open ended.

FIG. 7 1s a flow diagram representative of example
machine readable instructions that may be executed to
implement the example demographic corrector 110 of FIGS.
1 and 4. The example program 700 begins at block 702 at
which the example demographic impression receiver 402
receives housechold-level matched OTT-DP impressions
matched by the example demographic comparator 107 (FIG.
1). The example demographic impression receiver 402
stores demographic data associated with each household 1n
the example DP database 406. The example panelist data-
base 404 receives panelist demographic data associated with
panelist households from the example panelist database 116
(FIG. 1).

From the example demographic data of household stored
in the example DP database 406, the example household
manager 408 selects a household (block 704). The example
demographic corrector 110 trains a model using a training
set of household data from a number of households. There-
after, the example demographic corrector 110 applies the
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trained model to all the households to correct demographics
stored by the example database proprietor.

Once a household has been selected, the example house-
hold manager 408 1dentifies a demographic bucket to which
a household member associated with the demographic data
from the example database proprietor 104 belongs (block
706). For example, from the example demographic data 1n
the example DP database 406, the example household man-
ager 408 selects a first demographic bucket (e.g., male ages
2-12) to determine whether a particular member from the
selected household 1s associated with the first demographic
bucket. As discussed above, each demographic bucket has
an mdependent binary model associated therewith.

The example household manager 408 1dentifies the prob-
ability that the first demographic bucket exists (e.g., there 1s
at least one household member of that demographic) in the
particular household based on the example model corre-
sponding to the first demographic bucket (e.g., 80% likeli-
hood the first demographic bucket exists i the selected
household). In some examples, the models corresponding to
cach demographic bucket are trained using panelist data to
minimize the differences between panelist data (e.g., truth)
and the probabilities that the demographic buckets exist in a
particular household. In such examples, the models are
trained until the differences are minimized. Thereafter, sub-
sequent demographic data corresponding to non-panelists
may be adjusted, predicted, or otherwise corrected using
these models. As described herein, machine learning algo-
rithms, such as, for example, CART, log it, ctree, random
forest, neural networks, or bootstrap aggregate decision trees
are used to determine the probabilities that a demographic
bucket 1s 1n a household. Other known methods of deter-
mining the probabilities that a demographic bucket 1s 1 a
household may be used.

To determine whether a particular demographic exists 1n
a particular household, the example comparator 410 deter-
mines whether the probability that the first demographic
bucket 1s within the household satisfies a first threshold (e.g.,
67%) (block 708). If the probability that the first demo-
graphic bucket 1s within the household 1s not above the first
threshold (block 708: NO), then control proceeds to block
710. At block 710, the example houschold manager 408
determines if there are additional demographic buckets to
test. If there are additional demographic buckets to test
(block 710: YES), control returns to block 706. In some
examples, the first threshold 1s consistent across all demo-
graphic buckets. In the illustrated example, each demo-
graphic bucket has a unique threshold (e.g., the first thresh-
old 1s 0.67 for males between the ages of 18 and 20 and the
first threshold 1s 0.6 for females between the ages of 30-34).
Accordingly, the first threshold may vary based on the
demographic bucket. In some examples, the first threshold 1s
based on a probability distribution of panelists within pan-
clist households. For example, there may be a female aged
between 30 and 34 1n 60% of panelist households, so the first
threshold for females aged between 30 and 34 may be set to
0.6. Of course, the first threshold may be determined using
other known methods, such as, an output of a machine
learning algorithm, based on statistical analysis, etc.

If the probability that the first demographic bucket 1s
within the household i1s above the first threshold (block 708:
YES), then control proceeds to block 712. At block 712, the
example analyzer 412 calculates probabilities for the num-
ber of individuals within the first demographic bucket. The
example analyzer 412 determines conditional probabilities
for the number of members (e.g., one member, two mem-
bers, three members, etc.) within the first demographic
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bucket based on demographic distributions of panelists
within panelist households. For example, the conditional
probability may be the probability that there 1s one member
in the first demographic bucket on the condition that there 1s
at least one member 1n the first demographic bucket (e.g.,
that the first demographic bucket 1s 1n the household (block
708)). In such examples, the probability that there i1s one
person 1n the first demographic bucket may be 0.70, the
probability that there are two people 1n the first demographic
bucket may be 0.15, the probability that there are three
people 1n the first demographic bucket may be 0.15. Of
course, various other probability distributions may be used
as the distribution may be based on the outcomes (e.g.,
number of people in the demographic bucket) and the
probability of the occurrences of the outcomes.

In some examples, the example model trainer 416 train
models using machine learning algorithms to determine the
conditional probabilities for the number of members (e.g.,
one member, two members, three members, etc.) within the
demographic buckets. As discussed herein, the models may
be trained using based panelist information within panelist
households. In such examples, the models are trained using,
the panelist information as truth to minimize the difference
between the calculated probabilities for the number of
members 1n a demographic bucket and the number of
panelists 1n demographic buckets in panelist homes. The
example models are trained until such differences are mini-
mized. Thereafter, subsequent demographic data corre-
sponding to non-panelists may be adjusted, predicted, or
otherwise corrected using these models. As described herein,
machine learning algorithms, such as, for example, CART,
log it, ctree, random forest, neural networks, or bootstrap
aggregate decision trees are used to determine the condi-
tional probabilities of the number of members within each
demographic bucket (e.g., determined via block 708). Other
known methods of determining the probabilities that a
demographic bucket 1s 1n a household may be used.

In some examples, the process of block 712 1s dependent
on the process of block 708. In some examples, the pro-
cesses of blocks 708 and blocks 712 may be combined to
determine the number of people in demographic buckets that
exist within a household 1n a single step. In such examples,
the example model trainer 416 creates a single model using
a machine learning algorithm such as, for example, CART,
log it, ctree, random forest, neural networks, or bootstrap
aggregate decision trees, etc., to directly predict which
demographic buckets exist within a household and how
many members are 1n each demographic bucket.

In the illustrated example, the example analyzer 412
defines intervals between zero and one based on the prob-
abilities calculated at block 712 (block 713). For example,
the example analyzer 412 defines a first interval from O to
0.69 corresponding to the probability that there 1s one person
in the first demographic bucket (e.g., 0.7), defines a second
interval from 0.7 to 0.84 corresponding to the probability
that there are two people 1n the first demographic bucket
(e.g., 0.15), and defines a third mterval from 0.85 to 1
corresponding to the probability that there are three people
in the first demographic bucket (e.g., 0.15). Of course, any
number of intervals may be defined to accommodate the
number of outcomes (e.g., one person, two people, three
people, four people, etc.). The example analyzer 412 gen-
crates a random number Rn between O and 1 (block 714).
The example comparator 410 compares the generated ran-
dom number Rn to the defined intervals and identifies the
number of people 1n the demographic bucket based on which
interval the generated random number Rn falls mto (block
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716). For example, if 0=Rn=0.69, the example comparator
410 1dentifies that there 1s one person in the first demo-
graphic bucket, 11 0.7=Rn=0.84, the example comparator
410 1dentifies that there are two people in the first demo-
graphic bucket, and if 0.85=Rn=<1, the example comparator
410 i1dentifies that there are three people 1n the first demo-
graphic bucket. Thereafter, control returns to block 710.

Alternatively, the example comparator 410 may deter-
mine, for each number of members (e.g., one, two, three,
etc.), whether the probability that the number of members
are 1n the first demographic bucket satisfies a second thresh-
old (e.g., 75%). For example, when the probability that there
1s one person in the first demographic bucket 1s 0.80 and the
probability that there are two people 1n the first demographic
bucket 1s 0.15, only the probability that there 1s one person
in the first demographic bucket satisfies the second threshold
of 0.75. Therefore, 1f the probability that the number of
members are 1n the first demographic bucket 1s above the
second threshold, then the example analyzer 412 determines
that that number of members (e.g., one) 1s within the first
demographic bucket (block 716) and control returns to block
710. If there are multiple numbers of members having
probabilities satistying the second threshold (e.g., second
threshold 1s 30%, the probability of two members 1n the first
demographic bucket 1s 35% and the probability of one
member 1n the first demographic bucket 1s 40%), the second
threshold may be adjusted (e.g., increased to 36%). Addi-
tionally or alternatively, the example analyzer 412 1dentifies
the number of members having the highest probability (e.g.,
40% probability that one member 1s in the first demographic
bucket) as being in the first demographic bucket. For any
number ol members having a probability of being 1n the first
demographic bucket lower than the second threshold, these
number of members are excluded from being 1n the first
demographic bucket and control returns to block 710. In
some examples, the second threshold 1s the same across all
demographic buckets. In the illustrated example, each demo-
graphic bucket has a umque threshold (e.g., the second
threshold 1s 0.75 for males between the ages of 18 and 20
and the second threshold 1s 0.7 for females between the ages
of 30-34).

At block 710, 1f there are no additional demographic
buckets to test (block 710: NO), the control proceeds to
block 718. In some examples, the example model trainer
may utilize a machine learning algorithm to create a cor-
rective model to adjust the demographic data received from
the demographic comparator 107. In such examples, the
example adjuster 414 adjusts the demographic data received
from the example database proprictor 104 based on the
demographic buckets 1dentified 1n block 708 and the number
of members in each demographic bucket identified 1n block
716 (block 718). The example model trainer 416 trains the
corrective model based on the adjustments made 1n block
718 (block 720). If a suilicient amount of households have
not been used to train the example model (block 722: NO),
control returns to block 704. The suflicient amount of
households may be determined to minimize the differences
between the corrected demographics and a panelist distri-
bution, for example.

This process may continue for a number of training
iterations until the example model performs accurately on
unseen data (e.g., machine learning process). The example
model trainer 416 may utilize any machine learning algo-
rithm, such as, for example, CART, log 1t, ctree, random
forest, neural networks, or bootstrap aggregate decision
trees, etc. After the model has been traimned by a suflicient

amount of households (block 722: YES), the example model
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applier 418 applies the trained model to the remaining
demographic data from the example database proprietor 104
matched by the example demographic comparator 107
(block 724). In some examples, the example model applier
418 applies the tramned model to new data recerved after the
model(s) have been trained. For example, once the models
described above have been trained (e.g., perform accurately
on unseen tasks), the example model applier 418 can apply
new data to the models to correct the same. Additionally or
alternatively, the example models may be adjusted using the
techniques described herein after being trained to increase
the accuracy of the models as new data 1s provided. There-
alter, example program 700 ceases.

FIG. 8 1s another flow diagram representative of example
machine readable instructions that may be executed to
implement the example demographic corrector 110 of FIGS.
1 and 4. The example program 800 begins at block 802 at
which the example OTT demographic impression receiver
402 (FIG. 4) recerves or otherwise obtains aggregate demo-
graphic impressions from the example database proprietor
104 (FIG. 1) (block 802). The example OTT demographic
impression receirver 402 further receirves panelist demo-
graphic impressions from the example panelist database 116
(FIG. 1) (block 804). For example, the example demo-
graphic impression recerver 402 receives matched OTT-DP
impressions matched by the example demographic compara-
tor 107 (FIG. 1). In some examples, aggregate demographic
impressions are unavailable. In such examples, demographic
impressions are created with the example viewership
assigner 114, as disclosed herein.

In examples where aggregate demographic 1impressions
are available, aggregate demographic impressions received
or otherwise obtained from the example database proprietor
104 are stored 1n the temporary database proprietor database
406 (FI1G. 4). Similarly, panelist demographic impressions
from the example panelist database 116 (FIG. 1) are stored
in the temporary panelist database 404 (FIG. 4). In some
examples, the panelist demographic impressions are a subset
of the aggregate database proprietor demographic impres-
sions. As such, the example household manager 408 deter-
mines whether the panelist demographic impressions are
indeed a subset of the aggregate database proprietor demo-
graphic impressions (block 806). If the example household
manager 408 determines that the panelist impressions are a
subset of the aggregate database proprietor demographic
impressions (block 806: YES), control proceeds to block
808. If the example household manager 408 determines that
the panelist impressions are not a subset of the aggregate
database proprictor demographic impressions (block 806:
NO), control returns to block 804, where additional panelist
impressions are received. This cycle repeats until the pan-
clist 1impressions are a subset of the aggregate database
proprictor demographic impressions.

In some examples, the example OTT-DP matched impres-
s1ons provide person-level characteristics (e.g., demograph-
ics) that the example demographic corrector 110 matches to
panelists on an individual level (e.g., at a user level). In these
examples, the example demographic corrector 110 i1dentifies
the true error between the demographics of the example
OTT-DP matched impressions and the panelist impressions.
In other examples, the example OTT-DP matched impres-
sions do not provide user-level demographics, for privacy
reasons. In such other examples, the example OTT-DP
matched impressions provide household-level demograph-
ics that the example demographic corrector 110 uses to
match AME panelists to DP household members and to
identify errors in the household-level demographics. In
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some 1nstances, this results in misattribution because the
matching between panelists and DP household members
may not be correct.

In other examples, to match DP household-level demo-
graphics to AME panelist demographics, the example house-
hold manager 408 (FIG. 4) selects a household with corre-
sponding panelist and database proprietor demographic
impressions (block 808). In some examples, the example
panelist database 404 stores household demographic impres-
sions for each panelist. In some examples, the example DP
database 406 stores housechold demographic impressions
related to a corresponding panelist household (because the
panelists are a subset of the database proprietor users). In
some examples, a panelist household demographic impres-
sion may be matched to a database proprietor household
demographic impression via the example matched ID dis-
cussed 1n detail above. Thereatter, the example household
manager 408 selects a panelist from the panelist household
(block 810). In some examples, once a panelist 1s selected by
the example household manager 408, the example house-
hold manager 408 sends the age of the panelist to the
example comparator 410. In additional examples, the
example household manager 408 sends the corresponding
database proprietor household demographic impressions to
the example comparator 410. The example comparator 410,
in some examples, compares the panelist’s age to all mem-
bers of the household detailed by the database proprietor
household demographic impressions (e.g., one member of a
panelist household 1s compared to all members of the
corresponding database proprietor household) (block 812).
As disclosed by the examples herein, this 1s done to detect
errors 1n the database proprietor’s demographic impressions.

Once the age comparison 1s made, the example compara-
tor 410 sends the comparison data to the example analyzer
412. The example analyzer 412 analyzes the age comparison
data and at least determines 11 the panelist’s age 1s an exact
match to any of the database proprietor household members’
ages (block 814), 1f the closest database proprietor house-
hold member’s age satisfies a threshold (e.g., within three
years of the panelist’s age) (block 816), and/or if there 1s at
least one database proprietor household member with the
same gender as the panelist (block 824).

In some examples, 1f the example analyzer 412 deter-
mines that the panelist’s age 1s an exact match to any of the
database proprietor housechold members” ages (block 814:
YES), then the example analyzer 412 determines that the
database proprictor demographic impression 1s correct 1n
terms of age and control returns to block 810 to select
another panelist from the panelist household. However,
often the panelist’s age does not match any of the database
proprietor household members” ages (block 814: NO).

In some examples, iI the example analyzer 412 deter-
mines that the panelist’s age does not match any of the
database proprietor household members’ ages exactly, the
example analyzer 412 compares the panelist’s age to the
closest matching database proprietor household member’s
age. If the example analyzer 412 determines that the closest
matching database proprietor household member’s age 1s
within the threshold (e.g., a variance of £3 years, +10 years,
ctc.) (block 816: YES), control proceeds to block 818.
However, 11 the closest matching database proprietor house-
hold member’s age 1s not within the threshold (block 816:
NO), then the example analyzer 412 determines that the
database proprietor demographic impression 1s not a correct
match to the panelist’s demographic impression and a dif-
terent panelist household impression may be compared to 1ts
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corresponding database proprietor’s household demo-
graphic impressions (e.g., control returns to block 808).

In some examples, the threshold discussed above 1s meant
to 1dentily 1incorrect recorded demographic information.
Incorrect demographic information may be recorded for a
number of reasons including, without limitation, disinter-
ested user input, minimum demographic requirements, acci-
dent, user mput error, recording error, or the like. Example
methods and apparatus disclosed herein identify such 1ncor-
rect recorded demographic information from a database
proprietor and adjust the incorrect demographic information
with panelist demographic information.

At block 818, the example analyzer 412 determines that
the database proprietor demographic impression 1s a correct
match to the panelist’s demographic impression and deter-
mines the age diflerence between the matching members.
Thereatter, the example analyzer 412 sends the impression
data and an age correction signal to the example adjuster
414. In some examples, the example adjuster 414, replaces
a database proprictor’s incorrectly recorded age with a
panelist’s correctly recorded age (block 820). In other
examples, the example adjuster 414 only stores the age
difference for future applications.

Additionally or alternatively in other examples, the
example comparator 410 compares a panelist’s gender to the
gender of the household members’ genders as recorded by
the database proprietor. (Block 824). In many examples,
gender 1s less muisattributed than age. Therefore, 1n the
examples described herein, the example analyzer 412 deter-
mines whether there 1s at least one database proprietor
household member with the same gender as the panelist.
(Block 826). If there 1s at least one database proprietor
household member with the same gender as the panelist
(block 826: YES), then the example analyzer 412 determines
that the database proprietor demographic impression 1s a
correct match to the panelist’s demographic impression and
control proceeds to block 822. However, 11 there 1s no
database proprietor household member with the same gender
as the panelist (block 826: NO), then the example analyzer
412 determines that the database proprietor demographic
impression 1s not a correct match to the panelist’s demo-
graphic 1mpression and control returns to block 808.
Accordingly, 1n some examples, if there 1s at least one
incorrect match among household members, then 1t 1s pre-
sumed that the household-level impressions between the
panelists and the database proprietor do not match. (Blocks
816, 826: NO). As such, the example program 800 moves to
the next household.

When there 1s at least one database proprietor household
member with the same gender as the panelist (block 826:
YES), the example adjuster 414 sends the age adjustment
data identified 1n block 818 and block 820 to the example
model trainer 416, 1n some examples. Based on the panel-
1sts’ age adjustment data (from block 818 and block 820),
the example model trainer 416 trains an adjustment model
(block 822). After many iterations of the example program
800, the trained model 1s applied to the remaining set of
demographic impressions that are not the panelist subset. In
this way, the example methods and apparatus of the present
disclosure can correct age varnations amongst all OTT
device users. Of course, while the examples disclose herein
refer to age and OTT devices, different demographic data
and devices may be utilized without departing from the
scope of the present disclosure.

When the example analyzer 412 determines a correct
match between the database proprietor demographic impres-
s1ion and the panelist’s demographic impression for both age

10

15

20

25

30

35

40

45

50

55

60

65

40

and gender, the example analyzer 412 determines whether
there are more panelists 1n a given household. If the example
analyzer 412 determines that there are more panelists in the
given household (block 828: YES), control returns to block
810. It there are no more panelists 1n the household (block
828: NO), control proceeds to block 830. At block 830, the
example analyzer 412 determines whether there are any
additional panelist households. If the example analyzer 412
determines that there are more panelist households (block
830: YES), control returns to block 808. However, 11 the
example analyzer 412 determines that there are no more
panelist households (block 830: NO), control proceeds to
block 832.

At block 832, the example program 800 has ran for a
number of iterations. Therefore, the example model trainer
416 has trained the adjustment model for the same number
of iterations using the age adjustments as a learning (e.g.,
training) dataset. Accordingly, the adjustment model 1s ready
to be applied to the aggregate demographic impressions (or
remainder thereof i1 the demographics of the database
proprietor panelist subset registrants have been corrected by
the example program 800). With reference to FIG. 4, the
example model applier 418 receives the adjustment model
from the example model tramner 416. Additionally, the
example model applier 418 (FIG. 4) receives the aggregate
database proprietor demographic impressions from the
example DP database 406 (FIG. 4).

As discussed above, the adjustment model has the ability
to perform accurately on new, unseen examples/tasks (e.g.,
the aggregate demographic impressions for the example DP
database 406) after having experienced a learning dataset
(e.g., the 1terative age adjustments for the panelist subset of
the aggregate demographic impressions). In this manner,
example model applier 418 (FIG. 4) applies the adjustment
model to the entirety of the database proprietor demographic
impressions to correct the ages (block 832). In some
examples, the example model applier 418 (FIG. 4) outputs
the corrected aggregate demographic impressions. Thereat-
ter, the example program 800 ceases. Of course, while the
example program 800 discusses age 1dentification, correc-
tion, model training, etc., other demographic information
may be corrected similarly using the example program 800.
Thus, the example program 800 should not be limited 1n this
mannet.

FIGS. 9A-9C depict another flow diagram representative
of example machine readable instructions that may be
executed to implement the example demographic corrector
110 of FIGS. 1 and 4. The example program 900 begins at
block 902. The example demographic impression receiver
402 receives or otherwise obtains aggregated demographic
impressions from the example database proprietor 104 (FIG.
1) (block 902) and panelist demographic impressions from
the example panelist database 116 (FIG. 1) (block 904). In
some examples, aggregate demographic impressions are
unavailable. In such examples, demographic impressions are
created with the example viewership assigner 114, as dis-
closed herein.

In some examples, the example demographic impression
receiver 402 distributes the aggregated demographic impres-
sions from the example database proprietor 104 collected at
block 902 to the example DP database 406 (FIG. 4). In other
examples, the example demographic impression receiver
402 (FIG. 4) distributes the panelist demographic impres-
sions from the example panelist database 116 collected at
block 904 to the internal panelist database 404 (FI1G. 4).
From here, the example household manager 408 (FIG. 4)
retrieves demographic impressions from the example pan-
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clist database 404 and/or the example DP database 406. In
some examples, the example household manager 408 1ni-
tially determines whether the panelist impressions are a
subset of the DP aggregate demographic impressions (block
906). In some examples, the panelist impressions correspond
to panelists with OTT devices and therefore are likely a
subset of the DP aggregate demographic impressions. If the
example household manager 408 determines that the pan-
clist impressions are a subset of the DP aggregate demo-
graphic impressions (block 906: YES), control proceeds to
block 908. However, i1 for some reason the example house-
hold manager 408 determines that the panelist impressions
are not a subset of the DP aggregate (block 906: NO),
control returns to block 804 to find panelist impressions that
are a subset of the DP aggregate demographic impressions.
At block 908, a household having a number of 1mpressions
associated therewith 1s selected by the example household
manager 408.

Once a household 1s selected, control proceeds to block
920, shown in FIG. 9B. The example household manager
408, 1n some examples, organizes a {irst list of DP household
(“HH”) members having a first or unknown gender (e.g., the
first gender 1s female in some examples) (block 920). In
additional examples, the example household manager 408
organizes a second list of panelist HH members having the
first gender (block 922). In some examples, the DP HH
members are registrants of the example database proprietor
104 (FIG. 1) that corresponds to AME panelist registrants. In
such examples, the example database proprietor 104 has
demographic data for the DP HH members and the example
panelist database 116 (FIG. 1) has demographic data for the
Panelist HH members. The example household manager 408
thereafter constructs a first matrix using the first and second
lists. The example household manager 408 uses the ages of
the DP HH members from the first list as column legends
and the ages of the panelist HH members from the second
list as row legends (block 924). Thereafter, the example
comparator 410 compares each column legend to each row
legend and calculates the absolute difference (e.g., absolute
difference=column-row, 1f  column>row; absolute
difference=row—column, 1f row>column) between them, 1n
some examples, to populate a plurality of cells (e.g., the
corresponding mtersections of the columns and rows) of the
first matrix (block 926).

Thereafter, 1n some examples, the example analyzer 412
analyzes the populated matrix from block 926 to find the cell
with the lowest value (e.g., minimum absolute difference)
(block 928). Further, the example analyzer 412 determines
whether the value found 1n block 928 1s below (e.g., less
than) a threshold (e.g., 10 years) (block 930). If the example
analyzer 412 determines the value from block 928 1s above
the threshold (block 930: NO), control proceeds to block
950. If the example analyzer 412 determines the value from
block 928 1s below the threshold (block 930: YES), control
proceeds to block 932.

In some examples, one or more of the DP HH members
have no age data available. In these examples, the DP HH
members with no age data (e.g., a corresponding column in
the matrix) are 1ignored until the rest of the DP HH members
are matched as described herein. In some examples, a single
panelist HH member and DP HH member remain in the
matrix. In such examples, the unknown age for the DP HH
member 1s corrected with the age of the remaining panelist
HH member’s age. In other examples, multiple panelist HH
members and multiple ageless DP HH members remain in
the matrix after an iteration. In such examples, additional
information (e.g., media data, timestamp data, etc.) may be
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required to predict or otherwise match ageless DP HH
members to the panelist HH members.

At block 950, the example analyzer 412 determines that
the DP HH member corresponding to the column legend
from the first list 1s not a match to the Panelist HH member
corresponding to the row legend from the second list. The
example analyzer 412 labels each member as not matched,
in some examples, and control proceeds to block 944. In
some examples, the non-matched HH members are analyzed
at block 960, as discussed in connection with FIG. 9C.
Additionally or alternatively, the non-matched HH members
are sent to the example demographic predictor 114 (FIG. 6),
in some examples.

At block 944, the example analyzer 414 (FI1G. 4) deter-
mines whether there 1s another gender for which to perform
analysis (e.g., 1if a matrnix was created and analyzed for
males, then a matrix still needs to be created and analyzed
for females and vice-a-versa). If the example analyzer 414
determines that there 1s another gender for which to perform
analysis (block 944: YES), control proceeds to block 946.

At block 946, the example household manager 408 orga-
nizes a first list of DP household (“HH”) members having a
second or unknown gender. In additional examples, the
example household manager 408 organizes a second list of
panelist HH members having the second gender (block 948).
Thereatter, control returns to block 924, where the example
household manager 408 constructs a second matrix using the
first and second lists. The example household manager 408
uses the ages of the DP HH members from the first list as
column legends and the ages of the panelist HH members
from the second list as row legends (block 924).

When the example analyzer 412 determines the value
from block 928 1s below the threshold (block 930: YES), the
example analyzer 412 determines that the DP HH member
corresponding to the column legend from the first list 1s a
match to the Panelist HH member corresponding to the row
legend from the second list (block 932). In some examples,
the example analyzer 412 identifies the age difference
between the matched members (e.g., the value from block
928) and sends the age difference to the example adjuster
414 (block 934). In some examples, the example adjuster
414 adjusts the DP HH member’s age according to the age
difference obtained from the example analyzer 412 at block
934 (block 936). At block 936, the example adjuster 414
relays the age adjustment to the example model trainer 416,
which trains an adjustment model based on the age adjust-
ment (block 938). After the adjustment model has been
trained with the age adjustment from block 938, the example
analyzer 412 removes the column and row corresponding to
the DP HH member and the panelist HH member matched
in block 932 from the matrix (block 940). If the example
analyzer 412 determines that there are additional cells left 1n
the matrix (block 942: YES), control returns to block 928
where the remaining cells are analyzed by the example
analyzer 412 to find the cell with the lowest, or minimum
value. This process continues for as many iterations as there
are cells 1n the matnx.

If the example analyzer 412 determines that there are no
more cells 1 the matrix after block 940 (block 942: NO),
control proceeds to block 944. At block 944, the example
analyzer 414 determines whether there 1s another gender to
perform analysis for (e.g., 1f a matrix was created and
analyzed for males, then a matrix still needs to be created
and analyzed for females and vice-a-versa). If the example
analyzer 414 determines that there i1s another gender for
which to perform analysis (block 944: YES), control pro-
ceeds to block 946. If the example analyzer 414 determines
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that analysis has been done for all genders (block 944: NO),
then control proceeds to block 910, shown 1 FIG. 9A.

As further shown 1n FIG. 9C, block 960 accounts for the
HH members not-matched previously. The example house-
hold manager 408 further constructs a third matrix using the
ages Irom non-matched DP HH members (e.g., from block
950) as column legends and the ages from non-matched
panelist HH members as row legends (e.g., from block 950)
similarly to the process described 1n connection to block 924
(block 960).

Once the example processor 408 constructs the third
matrix, the example comparator 410 compares and calcu-
lates the absolute difference between the column legends
and the row legends to populate the cells of the third matrix
(block 962). In some examples, this 1s similar to the process
described 1n connection to block 926. The example analyzer
412 then i1dentifies the cell with the lowest or minimum
value (block 964). Subsequently, the example analyzer 412
determines whether the value identified 1n block 964 is
below (e.g., less than) a threshold (e.g., 10 years) (block
966). 11 the example analyzer 412 determines that the value
identified 1 block 964 1s below the threshold (block 966:
YES), control proceeds to block 968. If the example ana-
lyzer 412 determines that the value identified in block 964
1s above the threshold (block 966: NO), control proceeds to
block 980.

When the example analyzer 412 determines that the value
identified in block 964 1s below the threshold (block 966:
YES), the example analyzer 412 determines the DP HH
member corresponding to the column legend 1s a match to
the panelist HH member corresponding to the row legend
(block 968). In some examples, the example analyzer 412
identifies the age difference between the matched DP HH
member and panelist HH member (e.g., the value from block
964) and sends the age difference to the example adjuster
414 (block 970). Thereaiter, the example adjuster 414
adjusts the DP HH member’s age according to the age
difference obtained from the example analyzer 412 at block
970 (block 972). The example adjuster 414 relays the age
adjustment to the example model trainer 416, which trains
an adjustment model based on the age adjustment (block
974). Alter the adjustment model has been trained with the
age adjustment from block 974, the example analyzer 412
removes the column and row corresponding to the DP HH
member and the panelist HH member matched in block 968

from the third matrix (block 976). 11 there are no more cells
in the third matrix after block 976 (block 978: NO), then

control proceeds to block 910, shown 1 FIG. 9A. If the
example analyzer 412 determines that there are additional
cells left 1n the third matrix (block 978: YES), control
returns to block 964 where the remaining cells are analyzed
by the example analyzer 412 to find the cell with the lowest,
or minmimum value. This process continues for as many
iterations as there are cells 1n the third matnx.

At block 980, the example analyzer 414 determines
whether there are more columns than rows in the third
matrix. If the example analyzer 412 determines that there are
more columns than rows in the third matrnix (block 980:
YES), control proceeds to block 982. If the example ana-
lyzer 412 determines that there are not more columns than
rows in the third matrix (e.g., the same amount of rows and
columns, or less columns than rows; block 980: NO), control
proceeds to block 984. At block 984, the example analyzer
414 determines whether there are more rows than columns
in the third matrix. If the example analyzer 412 determines
that there are more rows than columns in the third matrix

(block 984: YES), control proceeds to block 986. If the
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example analyzer 412 determines that there are not more
rows than columns (e.g., same amount of rows and columns;
block 984: NO), control proceeds to block 988.

When the example analyzer 412 determines that there are
more columns than rows 1n the third matrix (block 966: NO;
block 980: YES), then the example adjuster 414 assigns an
“EXTRA” label to the non-matched DP HH member(s)
(block 982). In some examples, this indicates that the
database proprietor 1s accounting for a person, or persons,
that should not be accounted for within a particular house-
hold (e.g., a guest, Iriend, or other non-resident). In such
examples, this idication 1s based upon the accuracy of the
panelist impression data, including the number of residents
within a panelist’s household (e.g., the panelist household
has less members than the corresponding database proprietor
household; therefore the DP HH has extra members). Next,
the example model trainer 416 trains an adjustment model

based on the assignments by the example adjuster 414
(block 990). Thereafter, control proceeds to block 910,

shown 1 FIG. 9A.

When the example analyzer 412 determines that there are
more rows than columns 1n the third matrix (block 966: NO;
block 980: NO; block 984: YES), then the example adjuster
414 adds the panelist(s) associated with the extra row(s) to
the DP HH members and assigns a “MISSING”™ label to the
panelist(s) (block 986). In some examples, this indicates that
the database proprietor 1s not accounting for a person, or
person, that they should be accounting for within a particular
household (e.g., a minor, an elder, or another resident). In
these examples, this indication 1s based upon the accuracy of
the panelist impression data, including the number of resi-
dents within a panelist’s household (e.g., the panelist house-
hold has more members than the corresponding database
proprietor household; therefore a panelist 1s missing from
the DP HH). Next, the example model trainer 416 trains an
adjustment model based on the assignments by the example
adjuster 414 (block 990). Thereafter, control proceeds to
block 910, shown 1n FIG. 9A.

In some examples, when the example analyzer 412 deter-
mines that there equal rows and columns 1n the third matrix
(block 966: NO; block 980: NO; block 984: NO), then the
example analyzer 412 assigns an “EXTRA” label to the
non-matched DP HH member(s). In other examples, the
example adjuster 414 adds the panelist(s) associated with the
remaining row(s) to the DP HH members and assigns
“MISSING” label(s) to the panelist(s). Such examples indi-
cate that the database proprietor 1s accounting for a person,
or persons, that should not be accounted for within a
particular household (e.g., a guest, Iriend, or other non-
resident) and/or the database proprietor 1s not accounting for
a person, or persons, that the DP should be accounting for
within a particular household (e.g., a minor, an elder, or
another resident). Next, the example model trainer 416 trains
an adjustment model based on the assignments by the
example adjuster 414 (block 990). Thereatter, control pro-
ceeds to block 910, shown 1n FIG. 9A. As described above,
the example adjustment model trained by the example model
trainer 416 at block 990 accounts for variances 1n the
members of a particular household.

Returning to block 910, as shown 1n FIG. 9A, the example
program 900 has evaluated a household and has matched DP
HH members to panelist HH members or has labeled the
non-matching members accordingly, in some examples.
Thereatter, the example analyzer 412 (FIG. 4) determines 1f
there are additional households with impressions. If the
example analyzer 412 determines that there are additional
households with 1mpressions (block 910: YES), control
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returns to block 908 where another household having a
number ol 1mpressions associated therewith 1s selected by
the example household manager 408 (FIG. 4). If the
example analyzer 412 determines there are no additional
households to analyze (block 910: NO), then the adjustment
model trained by the example model trainer 416 (FIG. 4) 1s
sent to the example model applier 418 (FIG. 4) (block 912).

At block 912, the example model applier 418 applies the
adjustment model to the DP aggregate demographic impres-
s1ons from the example DP database 406. In some examples,
the adjustment model corrects any age discrepancies in the
DP aggregate demographic impressions using the model
trained by the subset of panelist impressions at block 938. In
other examples, the adjustment model corrects gender dis-
crepancies 1n the DP aggregate demographic impressions
using the model trained by the subset of panelist impressions
at block 974. In even further examples, the adjustment
model corrects HH member variances when there are miss-
ing and/or extra members accounted in the DP aggregate
demographic impressions.

FIG. 10 1s a flow diagram representative of example
machine readable instructions that may be executed to
implement the example viewership assigner 112 of FIGS. 1
and 5. In the i1llustrated example, the example viewership
assigner 112 uses the corrected demographics from the
example demographic corrector 110 to create demographic
impressions assigned to household members. In the 1llus-
trated example, the example OTT demographic impression
receiver 502 recerves household impression information and
corrected demographics from the example demographic
corrector 110. The example OTT database 504 associates
and stores the household impression information and cor-
rected demographics for manipulation by an example pro-
gram 1000. The example program 1000 assigns particular
household members to demographic impressions previously
assigned to the household.

The example program 1000 begins at block 1001. At
block 1001, the example HH member manager 510 deter-
mines whether, for a first household associated with an
impression of a media presentation, the size of the first
household 1s equal to one. If only one member exists in the
first household (block 1001: YES), then the example OTT
viewership assigner 516 associates the first household
impression with the single household member (block 1002)
because there are no other household members that could
possibly have viewed the media presentation besides the
single household member. However, when size of the first
household 1s not equal to one (block 1001: NO), control
proceeds to block 1004 in order to determine which house-
hold member actually viewed the media presentation.

In order to determine which household member viewed
the media presentation, the example viewership assigner 112
utilizes conditional probabilities based on donor (e.g., pan-
clist and/or historical viewing data) household data. There-
fore, the example donor data receiver 506 acquires donor
data via the example network 122 (block 1004). The
example donor data receiver 506 stores the example donor
data 1n the example donor database 3508. The example
viewership analyzer 512 uses a plurality of variables to find
donor household information 1n the example donor database
508 that match with data related to the first household.
Examples of matching variables include, without limitation,
demographics (male ages 2-12, 13-4, 15-17, etc., female
ages 40-44, 50-54, etc.), time of day (e.g., prime time, late
alternoon/early eveming, late evening, weekday morning,
weekday daytime, weekend daytime, etc.), specific genre
(e.g., musical drama, feature film, comedy variety, children,
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etc.), HH size, number of adults, number of kids, etc. The
example viewership analyzer 512 refines the donor data
based on the matching variables for a donor household that
has similar matching variables with the first household
(block 1006). If no matching donor households are located
(block 1008: NO), then control proceeds to block 1010.

At block 1010, there are no donor households that match
with all the matching variables associated with the first
household. Accordingly, the example viewership adjuster
514 rolls up the variables, such that a match may be found.
In the 1llustrated example, rollup refers to iteratively remov-
ing variables until a match can be found. In some examples,
initially a donor household must match all matching vari-
ables associated with the first household. After the example
viewership adjuster 514 rolls up the variables a first time,
only demographics, time of day, general genre (e.g., chil-
dren, comedy, drama, news, sports, etc.), HH size, number
of adults, and number of kids must match. After the example
viewership adjuster 514 rolls up the variables a second time,
only demographics, time of day, general genre, HH size, and
number of kids must match. After the example viewership
adjuster 514 rolls up the variables a third time, only demo-
graphics, time of day, general genre, and number of kids
must match. After the example viewership adjuster 514 rolls
up the variables a fourth time, only demographics, time of
day, general genre, and the presence of kids (e.g., binary yes
or no) must match. After the example viewership adjuster
514 rolls up the vaniables a fifth time, only demographics,
time of day, and general genre must match, etc. After the
example viewership adjuster 514 rolls up the matching
variables (block 1010), control returns to block 1006 where
the example viewership analyzer 512 refines the donor data
based on the rollup vanables.

However, when a matching donor household 1s found
(block 1008: YES), control proceeds to block 1012. At block
1012, the example viewership analyzer 512 selects a first
demographic bucket (e.g., male ages 18-20). As discussed 1n
conjunction with the demographic corrector 110, the
example viewership analyzer 512 has access to the actual
demographic buckets that exist within the first household.
Therefore, the example viewership analyzer 512 selects a
demographic bucket that actually exists 1n the first house-
hold, rather than an arbitrary demographic bucket. For the
first demographic bucket, the example viewership analyzer
512 1dentifies a first time that a person in the donor house-
hold matching the first demographic bucket previously
viewed the media presentation (e.g., based on panelist
viewing history) (block 1014). Additionally, the example
viewership analyzer 512 identifies a second time that all
members 1n the donor household previously viewed the
media presentation (block 1016). Therealiter, the example
viewership analyzer 512 divides the first time by the second
time to determine a probability that the first demographic
bucket viewed the media presentation (block 1018). At
block 1020, the example viewership analyzer 512 deter-
mines 1i there are additional demographic buckets for which
to determine probabilities. If there are additional demo-
graphic buckets (block 1020: YES), control returns to block
1012. If there are no additional demographic buckets (block
1020: YES), control proceeds to block 1022.

At block 1022, all probabilities for the existing demo-
graphic buckets within the first household have been deter-
mined. Thereafter, the example viewership analyzer 512
searches for a donor viewing event. The example viewership
analyzer 512 refines the donor data similarly to block 1006
using matching variables such as, for example, a time of day,
genre, household size, number of adults, and number of
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chuldren (e.g., demographic matching 1s left out 1n some
examples) (block 1022). The example viewership analyzer
512 determines 11 there are more than one matching viewing
event located in the example donor database 508 (block
1024). I1 there 1s not more than one viewing event (block
1024: NO) the example Viewershjp analyzer 512 determines
if there 1s just one matchlng VlEthIlg event (block 1026). If
there 1s not one matching viewing event (block 1026: NO),

then no viewing events were found and control proceeds to
block 1028. At block 1028, the example viewership adjuster
514 rolls up the matching variables as described above and
control returns to block 1022, where the example viewership
analyzer 512 refines the donor data based on the rollup
variables.

If there are more than one matching viewing event (block
1024: YES), then control proceeds to block 1030 to deter-
mine which viewing event to use as a donor viewing event.
The example viewership analyzer 512 ranks both the donor
household members and the first household members
according to their respective probabilities determined 1n
block 1018 (block 1030). The example Vlewershlp analyzer
512 then determines the absolute difference between the
probabilities of the household members from the first house-
hold and the probabilities of the donor household members
(e.g., historical probability data) (block 1032). For example,
the absolute difference between the first ranked household
member (e.g., ranked via block 1030) of the first .

household
and the first ranked household member of the donor house-
hold 1s determined, the absolute difference between the
second ranked household member of the first household and
the second ranked household member of the donor house-

hold 1s determined, etc. The example viewership analyzer
512 adds the difl

erences determined via block 1032 for each
donor viewing event (block 1034). The example viewership
analyzer 512 then selects the donor viewing event associated
with the lowest summation determined via block 1034 as the
donor viewing event for the first household (block 1036).

After selecting the donor viewing event via block 1036 or
if there 1s just one matching viewing event (block 1026:
YES), control proceeds to block 1038. At block 1038, the
example OTT viewership assigner 516 imputes donor view-
ing (e.g., known historical data) to respective first household
members. For example, 1t the first ranked household mem-
ber of the donor household (e.g., ranked via block 1030) had
viewed the media then the example OTT wviewership
assigner 516 assigns the first ranked household member of
the first household as having viewed the media presentation.
Thereaiter, the example program 1000 ceases. Of course, the
example program 1000 may be ran again for another demo-
graphic impression.

FI1G. 11 1s another flow diagram representative of example
machine readable instructions that may be executed to
implement the example viewership assigner 112 of FIGS. 1
and 3. In some examples, assigning viewership to a particu-
lar household member 1s based on the media presented, the
time of the media presentation, and/or household character-
1stics of a particular household. An example program 1100
for implementing the example viewership assigner 112 1is
shown 1n FIG. 9 and starts at block 1102. At block 1102, the
example donor data receiver 506 (FIG. 5) receives times
(and media at those times) that the donor household mem-
bers were using the television. The example viewership
assigner 112, 1n some examples, receives this information
from the AME’s 106 (FIG. 1) television meters.
Alternatively, the media and time information may be pro-
cessed and stored prior to use by the example viewership
assigner 112.

5

10

15

20

25

30

35

40

45

50

55

60

65

48

After recerving the television media and times, the donor
data recerver 506 stores the media and time information into
a donor database 508 (FIG. 5) and control proceeds to block
1104. Next, the example OTT demographic impression
receiver 302 (FIG. 5) receives the corrected demographic
impressions (e.g., corrected age and gender for each demo-
graphic impression) from the example demographic correc-
tor 110 (FI1G. 4). The corrected demographic impressions
may additionally include at least the times that the recipient
household used the example OTT device 102 (FIG. 1) along
with the corrected demographic impressions (block 1104).
In some examples, the example OTT demographic 1mpres-
sion receiver 502 stores at least the example OTT device 102
use times 1n the example OTT database 504 (FIG. 5).

The example methods and apparatus disclosed herein
utilizes historical extraction to predict the media of the
example OTT device 102 at the times the example OTT
device 102 was used. In some examples, the household
member manager 510 extracts the viewing history and
media of television and PC views obtained from the donor
data receiver 506. The donor data receiver 506 receives
media and timestamps of television media for particular
panelists from panelist metering methods (e.g., watermark-
ing media, encoding media, attaching cookies to media, etc.)
in some examples. In other examples, the media and time-
stamps of television media 1s estimated or predicted from
statistical models based upon panelist metering methods.
The media and timestamps are retrieved over the example
network 122 1n some examples.

In some examples, the example HH member manager 510
predicts that the usage of the example OTT device 102 1s
similar to the historical usage (e.g., media and time associ-
ated with a particular viewer) of the television or PC. For
example, 1 a particular viewer frequently watched music
videos on MTV and YouTube.com, then that particular
viewer would be likely to use the example OTT device 102
to watch music videos through particular device channels
and/or on a YouTlube application on the example OTT
device. The example viewership assigner 112 has access to
television and PC media and viewing times of that media.
The television and PC media includes genre, program name,
program rating, advertisements, timestamps, metadata, and
other information 1n some examples.

In some examples, the example viewership assigner 112
accounts for co-viewing (e.g., more than one household
member 15 viewing the particular media for which the
impression represents.). Thus, the example household mem-
ber manager 510 has the option to account for co-viewing
(block 1106). If co-viewing 1s to be accounted for (block
1106: YES), control proceeds to block 1112 and the house-
hold member manager 510 sends data to the example
viewership analyzer 512. Otherwise (block 1106: NO),
control proceeds to block 1108 the household member
manager 510 sends data to the example OTT viewership
assigner 510.

When co-viewing i1s not required (block 1106: NO), then
the example OTT viewership assigner 510 determines which
household member 1s likely using the example OTT device
during the time the household used the example OTT device
(block 1108). As discussed above, the example viewership
assigner 510 utilizes television and PC media 1n some
examples, to match household members to a particular OTT
viewing (e.g., if, historically, adult females watch the Life-
time network on TV, 1t 1s likely that similar OTT media 1s
also watched by adult females). In other examples, the
viewership assigner 510 utilizes the time of the television
and/or PC media to match household members to a particu-
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lar OTT device viewing (e.g., if, historically, media watched
from 3-5 P.M. 1s watched by children after school, OTT
media watched during the same time 1s likely watched by
children). Once the viewership assigner 510 has determined
which particular household member 1s using the example
OTT device, then the viewership assigner 510 assigns view-
ership of a particular impression associated with the time the
example OT'T device was used to the particular household
member (block 1110). Thereatfter the example program 1100
ceases. Of course, the example program 1100 may be run
again.

In some examples co-viewing 1s to be accommodated
(block 1106: YES). Of course, many methods may be used
to account for co-viewing without departing from the scope
of the present disclosure. In backward elimination examples,
shown in FIG. 11, the example viewership analyzer 512
preliminarily assigns to all members of a household view-
ership of a particular OTT media impression (block 11).
From there, the example viewership analyzer 512 selects a
household member for an elimination analysis (block 1114).
In some examples, the example viewership analyzer 512
analyzes and compares the media and time of the example
OTT media impression to the household member’s televi-
sion and PC media and viewing history (block 1116). It the
example viewership analyzer 512 determines that the media
of the example OTT media impression contlicts with the HH
member’s television and PC media history (block 1118:
YES), control proceeds to block 1120. If the example
viewership analyzer 512 determines that the media of the
example OTT media impression does not contlict with the
HH member’s television and PC media history (block 1118:
NO), control proceeds to block 1122.

When the example viewership analyzer 512 determines
that the media of the example OTT media 1mpression
conilicts with the HH member’s television and PC media
history (block 1118: YES), the example viewership adjuster
514 removes viewership of the particular OTT media
impression from the HH member (block 1120). If the
example viewership analyzer 512 determines that additional
HH members exist (block 924: YES), then the next HH
member 1s selected at block 11 and control proceeds from
there. However, if the example viewership analyzer 512
determines that no additional HH members exist (block
1124: NO), then the example OTT viewership assigner 510
permanently assigns the remaining HH members viewership
of the particular OTT media impression (block 1126). Thus,
the example program 1100 assigns particular household
members (including co-viewers) to impressions such that
demographics for corresponding impressions from OTT
devices are associated with relatively higher accuracies.
Thereatter the example program 1100 ceases. Of course, the
example program 1100 may be run again.

When the example viewership analyzer 512 determines
that the media of the example OTT media impression does
not contlict with the HH member’s television and PC media
history (block 1118: NO), the example viewership analyzer
512 determines whether the example OT'T impression view-
ing time conflicts with the HH member’s television and PC
viewing history (block 1122). If the example viewership
analyzer 512 determines that the example OTT 1mpression
viewing time contlicts with the HH member’s television and
PC viewing history (block 1122: YES), control returns to
block 1120. In some examples, the example viewership
adjuster 5314 removes viewership of the particular OTT
media impression from the HH member when the example
OTT impression viewing time contlicts with the HH mem-
ber’s television and PC viewing history. Thereafter, the
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example viewership analyzer 512 determines i1 there are any
additional HH members. If the example viewership analyzer
512 determines that additional HH members exist (block
1124: YES), then the next HH member 1s selected at block
1114 and control proceeds from there. If the example view-
ership analyzer 512 determines that no additional HH mem-
bers exist (block 1124: NO), then the example OTT view-
ership assigner 510 permanently assigns the remaining HH
members to the particular OTT media 1mpression (block
1126). Thereafter, the example program 1100 ceases. Of
course, the example program 1100 may be run again.

If the example viewership analyzer 512 determines that
the example OTT impression viewing time does not contlict
with the HH member’s television and PC viewing history
(block 1122: NO), then the example viewership analyzer
512 checks if there are any more HH members left to
analyze (block 1124). If the example viewership analyzer
512 determines that there are additional HH members (block
1124: YES), the control returns to block 1114. If the example
viewership analyzer 512 determines that no additional HH
members exist (block 1124: NO), then the example OTT
viewership assigner 510 permanently assigns the remaining
HH members to the particular OTT media impression (block
1126). Thereafter, the example program 1100 ceases. Of
course, the example program 1100 may be run again. As
discussed above, additional or alternative methods of assign-
ing viewership to a household member may be utilized
without departing from the scope of the present disclosure.

FIG. 12 1s a tlow diagram representative of example
machine readable instructions that may be executed to
implement the example demographic predictor 114 of FIGS.
1 and 6. The example demographic predictor 114, in some
examples, predicts the demographics of DP HH members
not matched with OTT device 102 user data 204 (FIG. 2).
Presumptively, i demographics from the example database
proprietor 104 (FI1G. 2) 1s not matched with user data from
the example OTT device 102 (FIG. 2), then the correspond-
ing DP HH members using an OTT device will not have
demographic data available to correct by the example demo-
graphic corrector 110. Therefore, the example demographic
predictor 114 utilizes a plurality of methods to make up for
any deficits 1n demographic data as further described below.

An example program 1200 begins at block 1202, wherein
the example prediction manager 610 determines whether to
use a scaling method to predict the demographics of DP HH
members not matched with OTT device 102 user data 204
(e.g., OTT-DP non-matched impressions). If the example
prediction manager 610 determines a scaling method 1s to be
used (block 1202: YES), control proceeds to block 1204.

At block 1204, the example prediction manager 610
determines whether to scale the example OTT-DP matched
impressions to account for the non-matched impressions. If
the example prediction manager 610 determines to scale the
example OTT-DP matched impressions (block 1204: YES),
then the example prediction manager receives the example
OTT-DP matched impressions from the example OTT-DP
matched impressions database 604 (block 1206). After
receiving the example OTT-DP matched impressions, the
prediction manager 610, 1n some examples, determines
whether to apply a linear scaling method on the example
OTT-DP matched impressions (block 1210). I the predic-
tion manager 610 determines a linear scaling method 1s to be
applied (block 1210: YES), control proceeds to block 1212.
A linear scaling method 1s useful where the unknown or
non-matched OTT-DP impressions are presumptively simi-
lar to the example OTT-DP matched impressions for all
demographic buckets. For example, when 95% of the
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example OTT-DP matched impressions cover a diverse
plurality of demographics (e.g., all demographic buckets are
accounted for), the example OTT-DP matched impressions
can be linearly scaled to 100%. At block 1212, the example
linear scaler 612 scales the example OTT-DP matched
impressions linearly to 100%. For example, the unknown or
non-matched OTT-DP impressions are replaced with
impressions statistically representative of the example OT'T-
DP matched impressions, according to a linear scale. There-
alter, the example modeler 616 trains a prediction model
based on the linear scaling at block 1222.

If the prediction manager 610 determines a linear scaling,
method 1s not sutlicient (block 1210: NO), control proceeds
to block 1214. In some examples, the prediction manager
610 applies a differential scaling method when a linear
scaling method 1s insuilicient. A differential scaling method
1s useiul where the unknown or non-matched OTT-DP
impressions are likely not similar to the example OTT-DP
matched impressions for each demographic bucket. For
example, when 95% of the example OTT-DP matched
impressions do not cover a diverse plurality of demograph-
ics (e.g., one or more demographics are not accounted for,
one or more demographics have different match rates, etc.),
linearly scaling will not account for the lack of diversity.
Thus at block 1214, the example differential scaler 614
scales the example OTT-DP matched impressions difieren-
tially (e.g., according to a panelist data match rate of each
demographic bucket as discussed in conjunction with FIG.
6). Thereatter, the example modeler 616 trains a prediction
model based on the differential scaling at block 1222.

If the example prediction manager 610 determines not to
scale the example OTT-DP matched impressions (block
1204: NO), control proceeds to block 1208. At block 1208,
the example OTT demographic impression receiver 602
receives the corrected demographics from the example
demographic corrector 110. The prediction manager 610, 1n
some examples, determines whether to apply a linear scaling
method on the corrected demographics from the demo-
graphic corrector 110 (block 1210). If the prediction man-
ager 610 determines a linear scaling method 1s to be applied
(block 1210: YES), control proceeds to block 1212. A linear
scaling method 1s useful where the unknown or unmatched
demographics are presumptively similar to the corrected
demographics. For example, when 95% of the corrected
OTT demographic impressions cover a diverse plurality of
demographics (e.g., all demographic buckets are accounted
for), the corrected demographics can be linearly scaled to
100%. At block 1212, the example linear scaler 612 scales
the corrected demographics linearly to 100%. For example,
the unknown or unmatched demographics are replaced with
demographics statistically representative of the corrected
demographics, according to a linear scale. Thereafter, the
example modeler 616 trains a prediction model based on the
linear scaling at block 1222.

If the prediction manager 610 determines a linear scaling,
method 1s not sutlicient (block 1210: NO), control proceeds
to block 1214. In some examples, a differential scaling
method 1s applied when a linear scaling method 1s 1nsuili-
cient. A differential scaling method 1s useful where the
unknown or unmatched demographics are likely not similar
to the corrected demographics. For example, when 95% of
the corrected OTT demographic impressions do not cover a
diverse plurality of demographics (e.g., one or more demo-
graphics are not accounted for), linearly scaling will not
account for the lack of diversity. Thus at block 1214, the
example differential scaler 614 scales the corrected demo-
graphics diflerentially (e.g., according to a panelist data
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match rate of each demographic bucket as discussed in
conjunction with FIG. 6). Thereatter, the example modeler
616 trains a prediction model based on the differential
scaling at block 1222.

If the example prediction manager 610 determines a
scaling method 1s not suflicient (block 1202: NO), control
proceeds to block 1216. At block 1216, the example pre-
diction manager 610 receives demographic information
associated with a HH member’s IP address from the IP
address demographic receiver 608. The IP address demo-
graphics come from an additional or alternative database
proprietor (e.g., eXelate), diflerent from the example data-
base proprictor 104, 1n some examples, because the example
database proprietor 104 lacks demographic data for the HH
member. Thereafter, the example prediction manager 610
matches the demographics received by the example IP
address demographic recerver 608 to the non-matched
impressions (block 1218). In some examples, the prediction
manager 610 matches the demographics to the non-matched
impressions similarly to the alforementioned example demo-
graphic comparator 107 in the example registration phase 1n
FIG. 2. In other examples, the prediction manager 610
matches the demographics to the non-matched impressions
using the IP address associated with the HH member and the
example OTT device’s IP address or the IP address of an
internet router that the example OTT device 102 accesses.

Thereatter, 1n some examples, the prediction manager 610
associates the demographics with the non-matched impres-
sions similarly to how the example database proprietor 104
(FIG. 3) creates the example demographic impressions 306
(FIG. 3) as shown in the example impression collection
phase 1 FIG. 3. (Block 1220). The example modeler 616
subsequently trains a prediction model based on the demo-
graphic association at block 1222. The example modeler 616
applies any models trained (e.g., from linear scaling, difler-
ential scaling, and/or IP address demographic association) to
the aggregate demographic impressions (block 1222).

FIG. 13 1s a block diagram of an example processor
plattorm 1300 capable of executing the instructions of FIGS.
7, 8, 9A-9C, 10, 11, and 12 to implement the example
apparatus 108 of FIG. 1, the example demographic corrector
110 of FIG. 4, the example viewership assigner 112 of FIG.
5, and the demographic predictor 116 of FIG. 6. The
processor platform 1300 can be, for example, a server, a
personal computer, a mobile device (e.g., a cell phone, a
smart phone, a tablet such as an 1Pad™), a personal digital
assistant (PDA), an Internet appliance, a DVD player, a CD
player, a digital video recorder, a Blu-ray player, a gaming
console, a personal video recorder, a set top box, or any
other type of computing device.

The processor platform 1300 of the illustrated example
includes a processor 1312. The processor 1312 of the
illustrated example 1s hardware. For example, the processor
1312 can be implemented by one or more integrated circuits,
logic circuits, microprocessors or controllers from any
desired family or manufacturer.

The processor 1312 of the 1llustrated example includes a
local memory 1313 (e.g., a cache). The processor 1312 of
the illustrated example 1s 1n communication with a main
memory 1ncluding a volatile memory 1314 and a non-
volatile memory 1316 via a bus 1318. The volatile memory

1114 may be implemented by Synchronous Dynamic Ran-
dom Access Memory (SDRAM), Dynamic Random Access

Memory (DRAM), RAMBUS Dynamic Random Access
Memory (RDRAM) and/or any other type of random access
memory device. The non-volatile memory 1316 may be
implemented by tlash memory and/or any other desired type




US 10,045,082 B2

53

of memory device. Access to the main memory 1314, 1316
1s controlled by a memory controller. The processor 1312 of
the illustrative example further includes the example demo-
graphic corrector 110 (FIG. 4), the example viewership
assigner 112 (FIG. 5), and the example demographic pre-
dictor 114 (FIG. 6) as disclosed herein.

The processor platform 1300 of the illustrated example
also includes an intertace circuit 1320. The mterface circuit
1320 may be implemented by any type of interface standard,
such as an Ethernet interface, a universal serial bus (USB),
and/or a PCI express interface.

In the 1llustrated example, one or more 1input devices 1322
are connected to the interface circuit 1320. The input
device(s) 1322 permit(s) a user to enter data and commands
into the processor 1312. The input device(s) can be imple-
mented by, for example, an audio sensor, a microphone, a
camera (still or video), a keyboard, a button, a mouse, a
touchscreen, a track-pad, a trackball, 1sopoint and/or a voice
recognition system.

One or more output devices 1324 are also connected to the
interface circuit 1320 of the illustrated example. The output
devices 1324 can be implemented, for example, by display
devices (e.g., a light emitting diode (LED), an organic light
emitting diode (OLED), a liquid crystal display, a cathode
ray tube display (CRT), a touchscreen, a tactile output
device, a light emitting diode (LED), a printer and/or
speakers). The terface circuit 1320 of the illustrated
example, thus, typically includes a graphics driver card, a
graphics driver chip or a graphics driver processor.

The interface circuit 1320 of the illustrated example also
includes a communication device such as a transmitter, a
receiver, a transceiver, a modem and/or network interface
card to facilitate exchange of data with external machines
(e.g., computing devices of any kind) via a network 1326
(c.g., an Ethernet connection, a digital subscriber line
(DSL), a telephone line, coaxial cable, a cellular telephone
system, etc.).

The processor platform 1300 of the illustrated example
also includes one or more mass storage devices 1328 for
storing soitware and/or data. Examples of such mass storage
devices 1328 include floppy disk drives, hard drive disks,
compact disk drives, Blu-ray disk drives, RAID systems,
and digital versatile disk (DVD) drives. The mass storage
devices 1328 include the example panelist database 404, the
example DP database 406, the example OTT database 504,
and the example donor database 508.

The coded nstructions 1332 of FIGS. 7, 8, 9A-9C, 10, 11,
and 12 may be stored 1in the mass storage device 1328, 1n the
volatile memory 1314, in the non-volatile memory 1316,
and/or on a removable tangible computer readable storage
medium such as a CD or DVD.

From the foregoing, it will be appreciated that the above
disclosed methods and apparatus advantageously discover
errors 1n demographics associated with database proprietors
in connection with 1mpressions associated with OTT
devices, correct the errors i1n the demographics, assign
viewership to impressions based on the corrected demo-
graphics, predict demographics for impressions lacking
associated demographics, and, more generally, provide more
accurate reporting of demographics for market research and
applications thereof.

Examples disclosed herein solve problems arising from
uses of computer technologies. Namely, automated infor-
mation gathering systems (e.g., computer data gathering
systems) do not differentiate between true and false user
information. For example, a computing system accepts user
input data, such as data received via a registration process as
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described herein, as truth. Where such data 1s not truthful
(e.g., wherein a subscriber to a database proprietor mistak-
enly or intentionally provides false information), the untrue
data 1s unknowingly processed by the computing system as
truth. Such untrue data processing can be compounded when
the untrue data 1s manipulated and/or analyzed to create
conclusions and/or new data (e.g., false demographics asso-
clated with an impression lead to false conclusions and
incorrect and/or unreliable predictions or audiences exposed
to media based on the demographic impression data). For
example, 1 a 12-year old male subscribes to a database
proprictor (e.g., Facebook®) as an 18-year old, then an
impression for a media presentation of SpongeBob
SquarePants may be incorrectly associated with an 18-year
old. Parties receiving this data may incorrectly assume
18-year old males are interested 1n SpongeBob SquarePants
and may develop marketing campaigns directly targeting
this demographic. These marketing campaigns would likely
not have the anticipated impact because they are based on
defective data unbeknownst to the computer data gathering
system.

Examples disclosed herein are usetul to compensate and/
or correct for reception of defective data by providing
countermeasures, which eflectively convert instances of
untrue user mnput mnto accurate truthful representations.
These accurate truthiul representations are associated with
household 1mpressions. Further, household members are
assigned viewership of the impressions. The example meth-
ods and apparatus build models using the above-disclosed
corrections and assignments of viewership as a training set.
Thereatter, the models are applied to database proprietor
demographic databases to correct the untrue demographic
data and correctly associate the demographics with impres-
$1011S.

Although certain example methods, apparatus and articles
of manufacture have been disclosed herein, the scope of
coverage of this patent 1s not limited thereto. On the con-
trary, this patent covers all methods, apparatus and articles

of manufacture fairly falling within the scope of the claims
of this patent.

What 1s claimed 1s:

1. A method comprising:

identifying, by executing an instruction via a processor, a
first set of 1impression data received from a computer at
a lirst data source, the first set of impression data
having matched demographic data from users regis-
tered with both an over-the-top (OTT) device and a
database proprietor, the first set of impression data
different from a second set of data from a second data
source, the computer producing a maisattribution error
in the first set of impression data, the misattribution
error based on a demographic data error in the first set
of impression data, the demographic data error based
on a difference between reported demographic data 1n
the first set of impression data and actual demographic
data corresponding to the first set of 1impression data;

generating, by executing an instruction via the processor,
a third set of data based on the second set of data from
the second data source;

generating, by executing an instruction via the processor,
an 1ndependent binary model based on a diflerence
between the first set of impression data and the third set
of data:

correcting the demographic data error 1n the first set of
impression data by applying, by executing an instruc-
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tion via the processor, the independent binary model to
the first set of 1mpression data to generate corrected
demographic data; and

correcting the misattribution error produced by the com-
puter by assigning, by executing an instruction via the
processor, viewership to an impression associated with
the first set of impression data using the corrected
demographic data.

2. The method as defined in claim 1, wherein the gener-

ating of the third set of data includes:

identifying a demographic bucket;

determining whether the demographic bucket exists 1 a
household based on the independent binary model; and

determining the number of members 1 the household
associated with the demographic bucket based on a

demographic distribution associated with the second
set of data.

3. The method as defined 1n claim 2, wherein the 1nde-
pendent binary model 1s a machine learning algorithm
generated based on at least one of a household size, an age,
a gender, a person status, an income, an education, or an
cthnicity.

4. The method as defined in claim 3, wherein the machine
learning algorithm 1s at least one of a classification and
regression tree, a log it function, a conditional inference tree,
a random forest, a neural network, or a bootstrap aggregate
decision tree.

5. The method as defined 1n claim 1, wherein the first set
of impression data from the first data source has a fourth set
of data missing, further including linearly scaling the first set
of 1mpression data to accommodate for the missing fourth
set of data.

6. A method comprising:

identifying, by executing an instruction via a processor, a

first set of impression data received from a computer at
a lirst data source, the first set ol impression data
different from a second set of data from a second data
source, the computer producing a misattribution error
in the first set of impression data, the misattribution
error based on a demographic data error in the first set
ol impression data, the demographic data error based
on a difference between reported demographic data 1n
the first set of impression data and actual demographic
data corresponding to the first set of impression data;
generating, via the processor, a third set of data based on
the second set of data from the second data source;
generating, via the processor, an independent binary
model based on a difference between the first set of
impression data and the third set of data; and
correcting the demographic data error in the first set of
impression data by applying, via the processor, the
independent binary model to the first set of impression
data to generate corrected demographic data; and
correcting the misattribution error produced by the com-
puter by assigning, via the processor, viewership to an
impression associated with the first set of impression
data using the corrected demographic data, the assign-
ing of the viewership to the impression includes:
identifying viewing history associated with the second set
of data;
determining a {first time associated with a first demo-
graphic viewing a media presentation in a first house-
hold associated with the second set of data;

determining a second time associated with the first demo-
graphic and a second demographic viewing the media
presentation 1n the household;
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determiming a first probabaility that the first demographic
viewed the media presentation by dividing the first time
by the second time;

identifying a first person 1n the first household associated
with the second set of data having a second probability
similar to the first probability; and

imputing a viewing history of the first person to a second
person 1n a second household associated with the first
set of 1impression data.

7. The method as defined in claim 6, wherein the 1denti-
tying of the first person in the first household associated with
the second set of data having the second probability similar
to the first probability includes:

identifying a third person 1n the first household associated

with the second set of data;

ranking the first and third person based on a first highest

probability;

identifying a fourth person in the second household

associated with the first set of impression data;
ranking the second and fourth person based on a second
highest probability; and

identifying the first person has the second probability

similar to the first probability when the first person has
the first highest probability and the second person has
the second highest probability.

8. An apparatus comprising;:

a demographic corrector to:

identify a first set of 1impression data received from a
computer at a first data source, the first set of
impression data having matched demographic data
from users registered with both an over-the-top
(OTT) device and a database proprietor, the first set
of impression data different from a second set of data
from a second data source, the computer producing,
a misattribution error in the first set of 1impression
data, the muisattribution error based on a demo-
graphic data error in the first set of impression data,
the demographic data error based on a difference
between reported demographic data in the first set of
impression data and actual demographic data corre-
sponding to the first set of impression data;

generate a third set of data based on the second set of
data from the second data source;

generate an independent binary model based on a
difference between the {first set of impression data
and the third set of data; and

correct the demographic data error in the first set of
impression data by applying the independent binary
model to the first set of impression data to generate
corrected demographic data; and

a viewership assigner to correct the misattribution error

produced by the computer by assigning viewership to
an 1mpression associated with the first set of impression
data using the corrected demographic data, 1n which at
least one of the demographic corrector or the viewer-
ship assigner i1s a logic circuit.

9. The apparatus as defined in claim 8, wherein to
generate the third set of data, the demographic corrector 1s
to:

identily a demographic bucket;

determine whether the demographic bucket exists in a

household based on the independent binary model; and

determine the number of members in the household

associated with the demographic bucket based on a

demographic distribution associated with the second
set of data.
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10. The apparatus as defined in claim 9, wherein the
independent binary model 1s a machine learning algorithm
generated based on at least one of a household size, an age,

a gender, a person status, an income, an education, or an
cthnicity.

11. The apparatus as defined in claam 10, wherein the
machine learning algorithm 1s at least one of a classification
and regression tree, a log 1t function, a conditional inference
tree, a random forest, a neural network, or a bootstrap
aggregate decision tree.

12. The apparatus as defined in claim 8, wherein the first
set of 1impression data from the first data source has a fourth
set of data missing from the first set of 1impression data,
turther including a demographic predictor to linearly scale
the first set of impression data to accommodate for the
missing fourth set of data.

13. An apparatus comprising:

a demographic corrector to:

identify a first set of 1impression data received from a
computer at a first data source, the first set of
impression data different from a second set of data
from a second data source, the computer producing
a misattribution error in the first set of impression
data, the muisattribution error based on a demo-
graphic data error 1n the first set of 1impression data,
the demographic data error based on a difference
between reported demographic data 1n the first set of
impression data and actual demographic data corre-
sponding to the first set of impression data;

generate a third set of data based on the second set of
data from the second data source;

generate a model based on a difference between the first
set of 1impression data and the third set of data; and

correct the demographic data error in the first set of
impression data by applying the model to the first set
of 1mpression data to generate corrected demo-
graphic data; and

a viewership assigner to correct the misattribution error

produced by the computer by assigning viewership to
an impression associated with the first set of impression
data using the corrected demographic data, the view-
ership assigner 1s to assign viewership to the impres-
sion by:

identifying viewing history associated with the second
set of data;

determining a first time associated with a first demo-
graphic viewing a media presentation i1n a first
household associated with the second set of data;

determining a second time associated with the first
demographic and a second demographic viewing the
media presentation in the household;

determining a {first probability that the first demo-
graphic viewed the media presentation by dividing
the first time by the second time;

identifying a first person in the first household associ-
ated with the second set of data having a second
probability similar to the first probability; and

imputing a viewing history of the first person to a
second person 1n a second household associated with
the first set of impression data, at least one of the
demographic corrector or the viewership assigner 1s
a logic circuit.

14. The apparatus as defined 1 claim 13, wherein to
identify the first person 1n the first household associated with
the second set of data having the second probability similar
to the first probability, the viewership assigner 1s to:
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identity a third person in the first household associated

with the second set of data;

rank the first and third person based on a first highest

probability;

identily a fourth person in the second household associ-

ated with the first set of impression data;

rank the second and fourth person based on a second

highest probability; and

identity the first person has the second probability similar

to the first probability when the first person has the first
highest probability and the second person has the
second highest probabality.
15. A tangible computer readable storage medium com-
prising instructions that, when executed, cause a machine to
at least:
identity a first set of impression data received from a
computer at a first data source, the first set of 1mpres-
ston data having matched demographic data from users
registered with both an over-the-top (OTT) device and
a database proprietor, the first set of impression data
different from a second set of data from a second data
source, the computer producing a maisattribution error
in the first set of impression data, the misattribution
error based on a demographic data error 1n the first set
of 1impression data, the demographic data error based
on a difference between reported demographic data 1n
the first set of impression data and actual demographic
data corresponding to the first set of 1impression data;

generate a third set of data based on the second set of data
from the second data source;

generate an independent binary model based on a differ-

ence between the first set of impression data and the
third set of data;

correct the demographic data error mn the first set of

impression data by applying the independent binary
model to the first set of impression data to generate
corrected demographic data; and

correct the misattribution error produced by the computer

by assigning viewership to an impression associated
with the first set of impression data using the corrected
demographic data.

16. The tangible computer readable storage medium as
defined 1n claam 15, wherein the i1nstructions, when
executed, further cause the machine to: i1dentily a demo-
graphic bucket; determine whether the demographic bucket
exists 1 a housechold based on the independent binary
model; and determine the number of members in the house-
hold associated with the demographic bucket based on a
demographic distribution associated with the second set of
data.

17. The tangible computer readable storage medium as
defined 1n claim 16, wherein the independent binary model
1s a machine learning algorithm generated based on at least
one of a household size, an age, a gender, a person status, an
income, an education, or an ethnicity.

18. The tangible computer readable storage medium as
defined 1n claim 15, wherein the first set of impression data
from the first data source has a fourth set of data missing
from the first set of impression data, the istructions, when
executed, to further cause the machine to linearly scale the
first set of 1mpression data to accommodate for the missing
fourth set of data.

19. A tangible computer readable storage medium com-
prising instructions that, when executed, cause a machine to
at least:

identity a first set of impression data received from a

computer at a first data source, the first set of 1mpres-
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sion data different from a second set of data from a determine a second time associated with the first demo-
second data source, the computer producing a misat- graphic and a second demographic viewing the media
tribution error in the first set of impression data, the presentation in the household,;

misattribution error based on a demographic data error determine a first probability that the first demographic
in the first set of impression data, the demographic data 3 viewed the media presentation by dividing the first time
error based on a difference between reported demo- by the second time;

identily a first person 1n the first household associated
with the second set of data having a second probability
similar to the first probability; and
10  1mpute a viewing history of the first person to a second
person 1n a second household associated with the first

graphic data in the first set of impression data and
actual demographic data corresponding to the first set

of 1impression data;
generate a third set of data based on the second set of data
from the second data source;

generate an independent binary model based on a differ- set of HIPTEsSIOn data. .
ence between the first set of impression data and the 20. The tangible computer readable storage medium as

- _ defined 1n claam 19, wherein the instructions, when
third set ot data; ¢ 15 executed, further cause the machine to: identify a third
person 1n the first household associated with the second set
of data;

rank the first and third person based on a first highest

probability; i1dentily a fourth person in the second
household associated with the first set of impression
data; rank the second and fourth person based on a
second highest probability; and

identity the first person has the second probability similar

to the first probability when the first person has the first
5 highest probability and the second person has the
second highest probability.

correct the demographic data error in the first set o
impression data by applying the independent binary
model to the first set of impression data to generate
corrected demographic data;

correct the misattribution error produced by the computer
by assigning viewership to an impression associated 20
with the first set of impression data using the corrected
demographic data;

identify viewing history associated with the second set of
data;

determine a first time associated with a first demographic :
viewing a media presentation 1 a first household
assoclated with the second set of data; ¥ % % ok ok
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